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Abstract

CHARACTERIZING VEGETATION STRUCTURE AND BIOMASS USING

LIDAR REMOTE SENSING

by

Shihyan Lee

Adpviser: Professor Wenge Ni-Meister

Precise characterization of vegetation structure and biomass is significant due to
current high uncertainty in estimating global terrestrial carbon sink, ranging from 10 to
60% of total fossil fuel emission. LIght Detection And Ranging (LIDAR) remote sensing
is an advanced tool developed for this purpose, and recent identified problems in this area
include the need of interpreting lidar height on slopes and estimating forest above ground
biomass. This research focuses on these two aspects by assessing the feasibility of
analytical solutions, as well as investigating alternative physical interpretation of lidar

data.

A recently developed slope correction scheme based on a Geometric Optical and
Radiative Transfer (GORT) model was used to quantify the topographic impact on lidar

measured vegetation height. By using this scheme, data from spaceborne Geoscience
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Laser Altimeter System (GLAS) were compared to airborne Laser Vegetation Imaging
Sensor (LVIS) and small-footprint lidar data, where LVIS data is regarded as less
affected by slope, and small-footprint lidar data is regarded as ground truth. Analyses
show slope-corrected GLAS vegetation heights match well with both small-footprint lidar
(R* = 0.77, RMSE = 2.2 m) and slope-corrected LVIS heights (R* = 0.64, RMSE = 3.7

m). Both slope-corrected GLAS and LVIS height biases are independent on slope.

The investigation of the relationship between lidar data and in-situ measured
vegetation structure parameters showed that it is scale- and vegetation type- dependant.
For dense forest stands, vegetation biomass is more related to lidar height; while for
sparse stands, lidar estimated canopy cover can be more important parameters in
approximating tree density variation. To better link lidar data with vegetation structure, a
lidar biomass index was developed based on height and estimated canopy cover profile to
approximate vertical tree density distribution. Analyses in three different types of forests
showed high correction (R?=0.75-0.83) and near stable relationships between this index
and in-situ measured biomass. This index also helps to explain why some height metrics

are optimal based on the vegetation structure and topography.

The results presented in this dissertation suggest that the theoretical development
can improve the accuracy and interpretation of lidar data, which, in turn, provide unique
remote sensing datasets for studies of vegetation structure and biomass, and ultimately

decrease the uncertainty in estimating terrestrial carbon sink.
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Chapter 1 Introduction

In December, 2009, at the United Nations Climate Change Conference in
Copenhagen, an agreement had been made by countries to cap the global temperature rise
to 2 degrees Celsius by committing to significant emission reductions among the
developed countries and raise finance, provide technologies to kick start action in the
developing world to deal with climate change. The goal is recommended by United
Nations Framework Convention on Climate Change (UNFCCC), which was adopted by
189 nations in 2007 and has its objective as “stabilization of greenhouse gas
concentrations in the atmosphere at a level that would prevent dangerous anthropogenic
interference with the climate system”. The challenge now is to turn what is agreed into
something that is legally binding in the subsequent meetings. Understanding the global
carbon cycle is critical to this objective because its processes defined how emissions of
carbon dioxide (CO;) from anthropogenic activity translate into concentration of CO; in
the atmosphere. To facilitate fair international climate change policy, it is crucial to
establish scientific understanding on how much of carbon emitted to the atmosphere
remains; specifically, where and what are the carbon sources and sinks?

The current understanding of global carbon budget has indicated terrestrial
ecosystem as one of the key uncertain components (Houghton 2007). Global terrestrial
ecosystems absorbed carbon at a rate of 1-4 Pg/yr during the 1980s and 1990s, offsetting
10—-60 per cent of the fossil-fuel emissions (Solomon et al., 2007; Houghton 2007). More
importantly, the regional patterns and causes of terrestrial carbon sources and sinks
remain highly uncertain (Solomon et al., 2007; Houghton 2007; Schimel, et al., 2001).

Forest has thought to be the major source of the uncertainties in terrestrial carbon sinks

1



(Goodale et al. 2002; Luyssaert et al., 2009) due to lack of precise vegetation structure
information to adequately monitor and model the carbon cycle and forest ecosystem
dynamics (Rosenqvist et al., 2003; Hese et al., 2005; Houghton et al., 2009). In addition,
it is necessary to know the three dimensional vegetation structure when calculating
boundary layer energy balances in global climate, hydrological and numerical weather
prediction models (Sud et al., 1988). Further, vegetation structure characteristics also
affect forests’ role in land surface stabilization processes, animal habitats, and the
production of food, materials and pharmaceuticals (Bergen et al., 2009; Buermann,
2002). Therefore, there is a need to map and monitor vegetation structure and forest

biomass globally with routine updates.

1.1 Monitoring forest structure and biomass

Traditionally, forest structure and biomass are measured in-situ, which is
expensive and time consuming. In large-scale forest management practice, only a very
small fraction of ground is inventoried. The inventory tree metrics are used to estimate
their biomass and other structures using allometric equations and then extrapolate these
estimates to forest stands and to entire forest ecosystems (Botkin and Simpson, 1990;
Botkin et al., 1993; Fournier et al., 2003). Also, most ground measurements focus on
what is commonly referred to as “stand structure”, the size and number of woody stem
per unit area (Miles, 1979; Oliver and Larson, 1996). Such measurements lack the
information on crowns and heights distribution, which are more difficult to measure but
critical components to fully describe forest canopy structure (Maser, 1989). Because the
extremely low sample aerial percentage, extrapolating current ground forest

measurements to global scale is doomed highly un-reliable.
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For the last thirty-five years, remote sensing has greatly improved our
understanding of the earth’s surface. Observations from seven Landsat satellites to
NASA’s Earth Observing System (EOS) satellites, and numerous airborne and space-
based sensors using multi-angle, multispectral and radar techniques, had created several
global land cover data bases. However, the current best efforts have only led to the
ability to classify our land surface which includes forest’s spatial distribution but had
limited success in characterizing vegetation’s vertical structures, such as canopy height,
density, age and biomass (Dubayah et al., 2000). Significant improvements from future
advance in EOS-like satellites and inversion algorithms are not likely due to the inherent
limitation on extracting three-dimensional information from two-dimensional
measurements.

In recent decades, the development of lidar remote sensing has been shown to be
a breakthrough technology for deriving forest canopy structure characteristics (Lim et al.,
2003; Frolking et al., 2009). The advantage of lidar over other remote sensing
technologies lies on the use of high power laser, which can penetrate forest canopy and
interact with canopy components vertically. Many studies had demonstrated the strong
relationships between field-measured vegetation structure and lidar derived parameters
(Simarc et al, 2008; Lefsky et al., 1999, 2002, 2005; 2007; Harding et al., 2001, 2005;
Drake et al., 2002a, 2002b, 2003; Nelson et al., 1988, 1997, 2009; Patenaude et al.,
2004); however, the theoretical understanding of the relationships is still incomplete. For
lidar remote sensing to aid the understanding of global carbon cycle, it is necessary to
improve our understanding of the physical meaning of lidar data so that vegetation

structures can be adequately quantified at broad scale.



1.2 lidar remote sensing on vegetation structure

Lidar (light detection and ranging) is an active remote sensing technique,
analogous to radar, but using laser light (Young, 1986). Lidar measures the roundtrip
time for a pulse of laser energy travelling between the sensor and a target. There are two
types of lidar systems, “discrete return” and “full waveform” systems. The later, full
waveform systems, is consider better for capturing true vertical vegetation structure (Lim
et al., 2003), and is the focus of this dissertation. In full waveform lidar system, the laser
beam is diverged to cover a small area, or footprint, usually is a circle and measured by
diameter (usually 8-70m, Means, 1999; Harding et al., 2000). The incident pulse is
centered at 1064 nm, a near-infrared wavelength which reflectance from branches, leaves
and barks are similar (Wehr and Lorh, 1999). The entire time history of the outgoing and
return laser pulses is digitized as “waveform” using a single detector, digitizer and timing
clock, and unambiguously describes the range to the surface as well as the vertical
distribution of surfaces within each laser footprint (Blair et al., 1994, 1999). Because the
lidar waveform is the direct measurement of the vertical distribution of the intercepted
canopy elements, lidar data are particularly effective in estimating vegetation canopy
height, its vertical profile and forest above ground biomass.

However, large uncertainties still exists when lidar data alone is used to retrieve
vegetation structure parameters, such as height and above ground biomass. The current
state of vegetation lidar remote sensing applications summarized by Nelson et al. (2009)
show that the relationships between forest structure parameters and lidar data need to be
empirically defined by ground measurements. This is because the lidar-vegetation

structure relationships can be influenced by vegetation types, ages, canopy openness, soil



condition and even local climate. In addition, lidar waveform measurements are further
complicated by topographical relief, surface roughness and spatial distribution of
dominate trees (Harding et al., 2005; Yang et al, 2010; Hyde et al., 2005).
Consequently, significant gaps remain in our knowledge of developing a standardized
lidar method that can be used for global operational vegetation structure and biomass

retrieval.

1.2.1 Topography Effect

Topography within lidar footprint can alter the relationships between lidar
waveform and canopy structure. Although the basic waveform shape is determined by
canopy structure, lidar waveform could be further modified by the factors like surface
topography, footprint size, off-nadir pointing, laser pulse width, surface roughness and
the ratio of vegetation and background reflectivity (Yang et al., 2010). For the typical
vegetation lidar systems, topography effect has been identified as one of the biggest
uncertainties for vegetation height and biomass retrieval on high slopped terrains
(Harding et al., 2005; Lefsky et al., 2007). Recent observation and modeling studies had
demonstrated that other factors impacting lidar waveform can be amplified by
topography (Harding et al., 2005; Yang et al., 2010; Hyde et al., 2005); further strengthen
the need to address topography effect when lidar remote sensing is used in non-flat

surfaces.

1.2.2 Vegetation Structure Characteristics

The relationships between vegetation’s vertical and horizontal structure and lidar

data is intrinsically complicated (Neuenschwander et al., 2008). Lidar laser energy is



much stronger in the center than the edge of the footprint; therefore, trees located near the
center will have stronger influence on recording waveform. In addition, lower canopy
can be obscured by upper canopy which makes occlusion another issue in linking canopy
structure with lidar waveform.

The recent advanced geometric and radiative transfer models had provided a
mean to investigate the relationships between vegetation structure and waveforms (Sun
and Ranson, 2000; Ni-Meister et al., 2001). Given the vegetation structure parameters,
lidar waveforms can be accurately constructed using geometric and/or radiative transfer
models. The inversion from lidar data, however, will require ancillary information such
crown shape, foliage density, tree density, size and distribution, and the ratio of foliage
and background reflectance (Koetz et al., 2006).

Forest structure characteristics are influenced by species composition, age,
climate, topography, soil and other geographical/biological factors (Pacala et al., 1996).
Investigating relationships between lidar data and vegetation structure parameters
regarding to each specific condition will contribute to our understanding of how lidar

data can be used retrieve vegetation structure without in-situ data.

1.2.3 Above Ground Biomass

Forest above ground biomass is the assemblage of stem, bark, branches and
foliage biomass. Although above ground biomass is mostly contained in the woody
components (e.g. stem), it was the lowest biomass component, foliage, has the highest
impact on lidar waveform. Therefore, for operational lidar biomass estimates, the
relationships of lidar waveform response to canopy foliage and forest’s woody

components need to be properly defined.



The relationships between foliage and woody components is, in principle,
governed by the plant dynamic (vary by species composition) and boundary condition
(e.g. age, climate, competition) (Hurtt et al., 1998). The studies in allometry of tree and
forest stand provide evidence of the link between canopy foliage profile and forest’s
woody components (Pacala et al., 1996, Albini et al., 2006). The results suggest lidar
waveform should respond to change in above ground biomass. While strong relationship
had been demonstrated between above-ground biomass and lidar derived parameters,
their relationship to canopy properties of tree cover, size and shape are unknown. The
consequence is the need for in-situ data to aid the selection the optimal lidar parameters

and determination of lidar-biomass relationship.

1.3 Objective and dissertation structure

The main objectives for this dissertation are: (1) to better understand the
relationships of forest structure parameters and lidar data; (2) to examine the effect of
vegetation structure on lidar response to forest biomass; (3) to develop a lidar biomass
parameter that is more universal to vegetation structure and compare its performance with
the other commonly used lidar biomass parameters in different biomes; and, (4) to
evaluate topography effect on lidar waveform and develop a method to correct such
effect on lidar derived vegetation parameter.

The first aim of this study is to investigate the potential of removing topography
effect on spaceborne lidar (GLAS) data to retrieve vegetation height over slopes.
Airborne lidar data collected in White Mountain in New England region were used to
evaluate our correction scheme. I first analyzed the lidar waveform and height change

due to slope effects and proposed a correction method based on a simple geometric
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model. Thereafter, the un-corrected and corrected lidar vegetation height derived by
GLAS and LVIS were compared to ground truth to verify the earlier analogy. This study
addressed the topography impact on lidar vegetation height retrieval which is vital in
improving lidar retrieved vegetation structure accuracy in the mountainous terrain
(Chapter 2).

Thereafter, 1 investigated the relationships between measured vegetation
structures and lidar parameters to better understand the lidar-biomass associations. For
this, in-situ collected stem map and airborne/ground lidar data sets are used. A total of 50
forest plots data collected in 2003 and 2007 from three experimental forests in New
England, USA were used in this study. The lidar data were collected using airborne lidar,
the Laser Vegetation Imaging Sensor (LVIS, Blair et al., 1999) and ground scanning
lidar, the Echidna® validation instrument (EVI) (Jupp et al. 2005). I attempted to assess
the correlation between lidar and ground measurements of canopy height, cover, DBH,
woody volume and above ground biomass with discussion of the role of forest type
(chapter 3).

Next, I proposed a lidar biomass parameter and examined its potential in large
scale application. Towards this goal, I performed a comprehensive analysis between all
lidar height metrics and above-ground biomass and compared the results with those
derive using my parameter. Forest data from three biomes, including coniferous and
deciduous forests in New England, and Sierra Neveda Forest in California’s Cascade
Mountain region, were used. This study addressed why different lidar parameter was
used to derive forest biomass in different biome in previous studies and provided a

method to stabilize lidar-biomass relationship to improve large-scale biomass retrieval



accuracy (chapter 4). Finally, I present concluding remarks about my dissertation

research in Chapter 5.



Chapter 2 Physically Based Vertical Vegetation

Structure Retrieval from ICESat Data

2.1 Introduction

Remote estimation of vegetation structure characteristics and forest biomass has
become essential to ecosystem modeling studies and advancement in understanding of
many ecosystem processes. Unlike many other remote sensing measurements, vegetation
lidars provide direct and indirect measurements of vegetation structure (Dubayah and
Drake, 2000). Recently vegetation lidar data have become more widely available to study
the link between vegetation lidar signals and vegetation structure characteristics. The
spaceborne Geoscience Laser Altimeter System (GLAS), part of the ICESat mission,
provides global lidar data with a variable diameter ~70 m footprint spaced at ~170 m
(Zwally et al., 2002; Harding et al., 2005; Lefsky et al., 2005b). Airborne data have also
been collected using a Scanning Lidar Imager of Canopies by Echo Recovery (SLICER)
with a 15 m footprint and the Laser Vegetation Imaging Sensor (LVIS) with a footprint
of 10 — 25 m over several large areas for improved vegetation structure characterization
(Blair et al., 1999). Small-footprint lidar data are also accessible in many small regions of
the globe and automatic methods were developed to extract vegetation structure
characteristics from them (Chen, 2007; Popescu and Wynne, 2004). These global,
regional, and local lidar data can provide detailed vegetation structure data necessary for

carbon models and studies of ecosystem processes.
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Many studies have demonstrated the potential use of spaceborne and airborne
vegetation lidar data to estimate vegetation height, above-ground biomass characteristics,
and other vegetation structure parameters (Lefsky et al., 1999b; 2002a; 2002b; 2005b;
Harding et al., 2001; 2005; Drake et al., 2002a; 2003; Nilson et al., 2009; Patenaude et
al., 2004; Anderson et al., 2006; 2008; Popescu, 2007; Popescu and Zhao, 2008; Chen et
al., 2007; and Chen, 2010b). On flat surfaces, studies have shown GLAS data can be used
to estimate important forest parameters, such as vegetation canopy height and above-
ground biomass, over different vegetation types (Lefsky et al., 2005b; Simard et al.,
2008). In recent studies, the accuracy of laser altimetry data from GLAS over flat terrains
has been validated using small-footprint waveform lidar (Neuenschwander et al., 2008)
and airborne vegetation lidar — LVIS (Sun et al., 2008). These studies found that the
vertical structures in GLAS altimetry data (or waveforms) are similar to those
synthesized airborne lidar data collected within GLAS footprints. The results confirmed
this spaceborne sensor is capable of studying forest structure at low- to no-relief surfaces.

However, the ability of lidar to retrieve vegetation structure over mountainous
regions is limited due to the complex interactions of lidar signals from vegetation and
ground surface (Harding et al., 2005; Lefsky et al., 2007). Recently many studies have
focused on estimating vegetation height from GLAS over mountainous regions. Two
approaches are commonly used to derive vegetation height: One approach is to
decompose lidar waveforms into multiple Gaussian distributions. The last or the second
last peak is identified as the ground, and vegetation height is estimated as the distance
between first and ground peak returns (Hofton et al., 1999; Rosette et al., 2009; 2008;

Sun et al., 2008; Neuenschwander et al., 2008; Chen, 2010b). The advantage of this
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approach is to detect slope from the last/second to last Gaussian peak. However, this
method can lead to large uncertainties in height estimate when ground returns are well
mixed with vegetation returns and it is impossible to find ground peak returns. The
second approach uses statistical analysis to separate vegetation and ground returns from
full waveform extents. Vegetation height is calculated from waveform extents and
trailing and leading (Lefsky et al., 2007; Pang et al., 2008; Chen 2010b) or other
waveform shape parameters (Duncanson et al., 2010). The advantage of this approach is
that there is no need to detect ground returns, instead, slope is indirectly calculated from
waveform shape parameters and removed from waveform extent. Chen (2010b) indicates
the second approach achieves better height estimates than the first approach. However,
the relationships between these waveform shape parameters and slope varies with
vegetation structure and topographical conditions. Therefore, these types of statistical
models often need to recalibrate the fitting coefficients for different vegetation types
and/or different topographic configurations (Lefsky et al., 2007; Pang et al., 2008). A
physical approach is required to develop a consistent vegetation height product from
global ICESat/GLAS data.

Our recent modeling work used the vegetation canopy Geometric Optical and
Radiative Transfer (GORT) model to quantify the impacts of surface topography,
footprint size, off-nadir pointing, surface roughness and laser pulse distribution on lidar
vegetation height and lidar waveforms (Yang et al., 2010). We developed an analytical
approach to quantify the impact of surface topography and footprint size on vegetation
height with the assumption that vegetation canopy is uniformly distributed within each

footprint. Vegetation height can be estimated from either GLAS full waveform extent or
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LVIS height metrics using this approach. The main objective of this study is to apply this
approach to retrieve vegetation height from ICESat/GLAS and to evaluate our approach
by comparing retrieved ICESat/GLAS vegetation heights with LVIS, small-footprint
discrete-return lidar and field data collected in southern White Mountains, NH. National
Elevation Data (NED) was used to estimate slope. However, with the availability of
global elevation productions from Shuttle Radar Topography Mission (STRM) and
Advanced Spaceborne Thermal Emission and Reflection (ASTER) data, our approach
may have the potential to derive global vegetation heights from ICESat/GLAS data.

Another objective of this study is to assess the quality of GLAS measured vegetation
structure. ICESat/GLAS data can be noisy due to strong backscattering from low clouds
(Abshire et al., 2005) and waveforms can be saturated at canopy layer for dense
vegetation or at ground for sparse vegetation. ICESat samplings are sparse, therefore, it
would be valuable to assess if these noisy and saturated waveforms have any valuable
vegetation structure information. We compared GLAS with aggregated LVIS waveforms
and assessed impact of background noise and saturation on GLAS vegetation structure
measurements.

The chapter is organized as follows: Section 2.2 describes the site and datasets.
Section 2.3 presents LVIS waveform aggregation and height estimate algorithms. Section
2.4 first discusses the evaluation results of our slope correction method by inter-
comparing heights from GLAS, LVIS, small-footprint discrete-return lidar and field data;
then assesses GLAS waveform data quality under different conditions by comparing
GLAS and aggregated LVIS waveforms. Section 2.5 discusses the uncertainties of our

algorithm and differences from other methods. Section 2.6 is the conclusion.
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2.2 Study Site

The study site is the southern portion of White Mountain National Forest in New
Hampshire, USA. The region is featured with old-growth northern hardwoods. The
dominant species include beech, yellow birch, sugar maple and eastern hemlock. In lower
elevations, most of the forest is covered by tall canopies where sugar maple/beech/yellow
birch dominates the upper canopy layer with maximum height around 30 m. At higher
elevation before reaching the forest line, spruce, fir, and hemlock are commonly mixed
with hardwoods, and can be dominant on cool steep slopes (Filip et al., 1971). The
regional terrain varies from flat in the lower valley to slopes of over 30 degrees on higher

mountain passes. Higher slopes usually occur at higher elevation (Figure 2.1).

2.3 Data sets

2.3.1 ICESat/GLAS data

Global ICESat/GLAS data is available from 2003 to 2008. ICESat/GLAS is the first
spaceborne lidar system designed to observe surface structures, including ice sheet mass
balance and vegetation characteristics in three dimensions at a global scale. Three
onboard lasers were designed to sample Earth’s surface at a 172 m interval along the
track with a maximum cross track separation of 15 km at the equator (Zwally et al.,
2002). Due to the unexpectedly short lifetime of the laser system, the GLAS mission
started to operate with a 91-day repeat orbit (with a 33 day sub-cycle) (Sun et al., 2008).
In each of the operating years, GLAS acquired data in winter (Feb—March), summer
(May—June) and fall (October—November) periods. The three sub-cycles were designed to

capture seasonal and interannual change on land surface, e.g. ice and forest canopy.
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Studies had shown the typical geolocation accuracy of GLAS altimetry data is between
2.4 and 5.8 m (Abshire et al., 2005; Carabajal et al., 2005; Neuenschwander et al., 2008),
although it can be as high as 60 m (Sun et al., 2008).

To measure the vertical structure of land and ice surfaces, GLAS uses the 1064-nm
laser pulses and records the returned laser energy from an ellipsoidal footprint. The
original GLAS footprint size was designed to be ~65 m; however, actual footprint
diameter was about 110 m, 90 m and 55 m for Lasers 1, 2 and 3, respectively (Zwally et
al., 2002; Abshire et al., 2005; Schutz et al., 2005). GLAS footprint size, orientation and
ellipticity can vary shot by shot and precise measurements can only be obtained from
laser far field patterns, or Laser Profile Array (LPA) images (Bae and Schutz, 2002). In
general, GLAS footprint ellipticity is the smallest for Laser 3 and largest for Laser 1, and
only Laser 3 footprint is close to a circle (http://www.nsidc.org/). Since most LPA images
are not available in our study region, we chose to use only Laser 3 data, collected in June
of 2005 (L3C) and 2006 (L3F), to reduce GLAS footprint coverage uncertainty due to
lack of precise ellipticity information. We then obtained GLAS footprint sizes and
ellipticities from the laser operation average, and assumed the footprint is a circle and the
diameter equals the mean of major and minor axes.

The background noise level of GLAS data can increase under cloudy condition due
to the backscattering from clouds (Abshire et al., 2005). Two rules were used to select
good quality GLAS data: 1) The minimum signal-to-noise ratio was set to 15, and 2) The
elevation differences from the built-in SRTM and GLAS were used to detect potential
low cloud data. Because SRTM penetrates through clouds and GLAS does not, elevation

difference from these two datasets indicates the lidar returns are from the cloud or
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ground. The threshold of the elevation difference was set slightly larger than the

maximum vegetation height in the region (50 m) to remove potential low cloud data.

2.3.2 LVIS data

LVIS data in southern White Mountain region of NH were acquired during July 18-
20, 2003 with 20 m footprint size (Figure 2.1). The LVIS is an airborne lidar system
designed to collect data on surface topography and vegetation structure (Blair et al.,
1999). LVIS standard data products include the fully digitized waveforms and the height
metrics (relative to surface) where 25%, 50%, 75% and 100% of the waveform energy
occur, named as RH25, RH50, RH75 and RH100, respectively (Blair et al., 2006). Often
all LVIS height metrics are released for public access, but the fully digitized waveforms
are only publicly available for some intensive study sites.

For this study, we used relative heights at 100% waveforms energy, or RH100, to
estimate forest canopy heights in the whole region and the available full waveform data
within the 2 km radius area of the main flux tower in Bartlett Experimental Forest, NH

for waveform comparisons with the GLAS data.

2.3.3 NED data

National Elevation Dataset (NED) is a seamless and nationally consistent set

maintained by the U.S. Geological Survey (USGS) (http://egsc.usgs.gov). The standard 1

arc-second (~20x30 m resolution in our study region) NED digital elevation model was
used to derive slope. The slope for each NED grid cell was determined as the maximum

rate of change between each cell and its immediate neighbors. At 1 arc-second scale,
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previous research had shown NED’s slope accuracy is 3 degree or less (Holmes et al.
2000).

The slope for each ICESat or LVIS footprint was calculated as the mean of slopes
for all grid cells within the footprint. Since LVIS footprint is similar in size to NED’s 1
arc-second grid, we expect the slope within each LVIS footprint has similar accuracy to
the NED grid scale i.e. 3 degree or less. For GLAS, better slope accuracy might be

achieved due to the larger footprint size.

2.3.4 Small-footprint discrete-return lidar data

First- and last-return discrete lidar data were collected at Bartlett Experimental
Forest (see Figure 2.1) using an Optech ALTM 2025/2050 sensor in August of 2005.
The reported accuracies of lidar data were 15 cm vertically and 50 cm horizontally. To
derive canopy height, a “bare earth” digital elevation model was first constructed at 1 m
spatial resolution using the Toolbox for Lidar Data Filtering and Forest Studies (TIFFS)
program (Chen, 2007). TIFFS uses morphological approaches with variable window
sizes to resolve pixels without any lidar shot penetrating canopy to construct the best
“bare earth” digital elevation model (Chen et al., 2007). Any lidar points above the bare
earth surface are considered to be vegetation canopy returns. In this study, a 1 m lidar
canopy height model was created using the highest lidar canopy returns within each 1 m

grid cell.

2.3.5 Field data

Field data were collected during the summer 2009 Deformation, Ecosystem

Structure and Dynamics of Ice (DESDnyl) field campaign in NH, within the LVIS
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sampling range. Field data collection consists of eight 1-ha plots (50x200 m grid size),
each plot was divided into 16 subplots (25x25 m). The heights of the tallest trees (varying
from one to three) were measured and their average was used to compare with LVIS and
small-footprint maximum height. Field plot geolocation uncertainties range from 4-8 m
and 12-14 m for two subplots. 4 or 6 years differences between LVIS/small foot print and
field data was taken into account in our analysis. No field data is available within GLAS
footprints. Figure 2.1 shows the spatial coverage of GLAS, LVIS, small-footprint

discrete-return lidar and field sites.

2.4 Method

2.4.1 Vegetation height retrieval from lidar over slope terrains

The two most commonly used height metrics to infer vegetation height from lidar
are waveform extent for GLAS and RH100 for LVIS (Figure 2.2). Waveform extent is
defined as the height difference between the first and last elevations at which the
waveform energy exceeds a threshold. The threshold was set as 4.5 times of background
noise in GLAS (Lefsky et al., 2005b and 2007) and three times of background noise in
LVIS (Blair et al., 2006). RH100 is defined as the distance from the top of vegetation
returns to the peak of last Gaussian pulse or ground returns (Blair et al., 1999).

Both waveform extent and RH100 are influenced by surface topography, footprint
size and laser pulse energy distribution/surface roughness. Yang et al. (2010) extended
the Geometric Optical and Radiative Transfer (GORT) vegetation lidar model to take into
account the impacts of surface topography and off-nadir pointing on vegetation lidar

waveforms and vegetation height retrieval. This study presented an analytical formula to
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quantify the first-order influence of surface topography, footprint size, laser pulse energy
distribution/surface roughness and off-nadir pointing effect on lidar vegetation height.
For nadir-viewing lidar application, the relationship between vegetation height (H) (i.e.
lidar vegetation height at a flat terrain), RH100, waveform extent (L.x) and surface
topography (with slope 0), footprint size (d) and the pulse width/surface roughness can be
described by the following equations (see Figure 2.3):

L, =H-+dtan6+c FWHM /2

2.1)
_ dtan@ (
RH100=H + A

where c is the speed of light and FWHM (Full Width at Half Maximum) describes the
laser pulse width, which is 6 ns (equivalent to 1.8 m) for GLAS and 10 ns (equivalent to
3 m) for LVIS. Surface roughness also plays the similar role of broadening waveforms as
the Gaussian laser pulse energy distribution, and c*FWHM is the combined effect of
laser pulse width, energy distribution and surface roughness.

Eq. (2.1) suggests that vegetation height (H) can be retrieved from RH100 or
waveform extent (L), knowing footprint size, d, slope (0), and c*FWHM, and are
described as follow:

H=L,  —dtanf—c-FWHM /2

H = RH100 -4 tan 0/ (2.2)

However, this relationship was derived based on very smooth waveforms, whose
extent and canopy top is defined with zero threshold. In reality, waveforms have
background noise and their extents or RH100 values are defined using a non-zero
threshold, e.g. 4.5 times of background noise in GLAS, three times in LVIS. Therefore,

in Eq. (2.2) waveform extent/RH100 needs to be corrected (extended).
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We applied a simple correction scheme to extend waveforms with a zero-threshold:
waveforms were smoothed first to reduce uncertainty caused by noises; then extended
linearly with a zero-threshold using locations of the original zero and 10 percentile of
waveforms as two reference points. The same procedure was applied to the lower end of
waveforms. Then waveform extents were recalculated using the extended waveforms. In
this study we were not able to correct RH100 due to unavailability of LVIS full
waveforms within most GLAS footprints. We expect that the impact on RH100 would be
much smaller (~1/3) comparing to GLAS waveform extent due to its smaller threshold
(see discussion before) and for one side of waveform correction only.

To evaluate our approach, we compared LVIS RH100 with and without slope
correction with small-footprint discrete-return lidar and field measured vegetation height.
We also compared slope-corrected GLAS with slope-corrected LVIS and small-footprint

discrete-return lidar heights (see Section 2.4.5).

2.4.2 GLAS and LVIS waveform comparison

To evaluate GLAS waveforms, GLAS waveforms were compared to aggregated
LVIS waveforms, which were calculated as a summation of all LVIS waveforms within
each GLAS footprint weighted by GLAS laser energy Gaussian distribution (see Figure
2.4):

F(z)=Y fu(2)*w,

w, =g, /Zgi (2.3)

g = e(—zr,-/ldm.)
where F(z) is the aggregated LVIS waveform intensity at height z, f;;(z) is the i" LVIS

waveform intensity at height z, z is the relative height to the mean LVIS ground
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elevation, this indicates that during the aggregation, heights for each LVIS waveform on
a slope were shifted vertically relative to mean ground elevation in the GLAS footprint.
w; is the normalized weight for i LVIS waveform, g is the weight for i/ LVIS
waveform, r; is the distance from GLAS centroid to " LVIS footprint center, and dgp4s 18
the GLAS footprint diameter.

For comparison, LVIS waveforms were aggregated vertically from its original
resolution, 0.3 m, to GLAS resolution, 0.6 m. GLAS and the aggregated LVIS
waveforms are not directly comparable because the total waveform energy is different.
We also compared normalized waveforms, instead of empirically re-scaling them by peak
energy returns (Neuenschwander et al., 2008).

The elevations reported in GLAS and LVIS or other airborne data do not have exact
agreement (Sun et al., 2008; Neuenschwander et al. 2008). To overlay GLAS and LVIS
aggregated waveforms, this study used an automatic approach by first adjusting the
height of GLAS and LVIS waveforms relative to their corresponding ground elevation;
then the waveforms are aligned by assuming the same ground elevation. This approach
allows us to overlay LVIS and GLAS waveforms automatically for comparison as
opposite to manual shifting waveforms used in Neuenschwander et al., (2008).

Ground elevation is a standard LVIS product, and LVIS mean ground elevation at
the GLAS footprint was calculated as the mean of all LVIS data within each GLAS
footprint. We chose not to use ground elevation estimated from the Gaussian peaks in the
GLAS product to avoid ground peak identification uncertainties, which could be
significant under dense canopy conditions and on slope terrains due to its large footprint

size (Lefsky et al., 2007; Yang et al., 2010; Chen, 2010a). Original heights in GLAS
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waveforms were relative to the last waveform return (Hy cng). In this study, heights in
each GLAS waveform were shifted relative to GLAS ground elevation (H,) using the
elevation difference between H, and Hy, cng, and the GLAS ground elevation was treated

as the same as the LVIS mean elevation. The height shift is described as,

H,-H, ,, =(dgstan@+c- FWHM ; ,)/2 (2.4)

where FWHMgras is FWHM for GLAS. Since we don’t have surface roughness

information, the impact of ¢- FWHM , ,; was ignored in Eq. (2.4).

2.5 Results

2.5.1 Vegetation height comparisons

2.5.1.1 LVIS, field and small-footprint discrete-return lidar data comparison

Although LVIS footprint size (20 m) is much smaller than GLAS’, LVIS height
could also be affected by slope as discussed before. To evaluate the quality of LVIS
height data and the impact of slope on LVIS heights, we first compared LVIS height
before and after slope correction with field measured maximum heights and small-
footprint discrete-return lidar data. Figure 2.5 compares LVIS height, Hyyis, (with slope
correction), RH100 (without slope correction) with field measured maximum tree height
(Hgelq) and the dependences of their differences, (RH100-Hgeiq) and (Hpyis- Hielq) on
slope. The slope-corrected LVIS heights match better to field measurements than RH100
(RMSE 4.8 m and R? 0.29 vs. RMSE 5.2 m and R? 0.19). Overall, ficld measured heights
tend to be taller than LVIS’, which is likely due to the tree growth between 2003 (LVIS

data collected) and 2009 (field data collected).
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RH100 and measured maximum tree height difference, (RH100-Hgq) increases with
slope indicating the impact of slope on RH100 (Figure 2.5c). However after removing
slope from RH100 using our scheme, LVIS and field measured height difference, (Hyyis-
Hsied), indicates no relationship with slope (Figure 2.5d). RH100 without slope
correction could overestimate height by 3 m over a terrain with a 20 degree slope. The
result indicates our slope correction successfully removes slope-effect in RH100. The
relative large RMSE could be caused by large geolocation uncertainties of field data
(approximately 4-8m).

Figure 2.6 shows the same comparison as in Figure 2.5 except with small-footprint
discrete-return lidar height (Hgg), calculated as 98 percentile of canopy height to reduce
canopy top height uncertainty. This comparison shows similar results as shown in Figure
2.5. Our scheme improves the overall height retrieval accuracy by 0.7m (RMSE 3.7m in
Figure 2.6a vs. 3.0m in Figure 2.6b). Similar slope dependency of (RH100-Hgp) as in
Figure 2.5¢ was shown in Figure 2.6¢c. However after removing slope impact, (Hyyis-Hsr)
is independent on slope (Figure 2.6d) indicating the slope effect was removed from
RH100. The height retrieval bias can reach 4-5 m at 15 degree slope terrain (Figure 2.6¢).
The overall uncertainty is smaller in Figure 2.6 (RMSE = 3.0 m) than the one in LVIS
and field-measured height comparison as shown in Figure 2.5 (RMSE = 4.8 m) implying
LVIS is better geolocated with small-footprint discrete-return lidar data than with the
field data. Opposite to what is shown in Figure 2.5, LVIS slightly overestimates small-
footprint lidar height. This is somewhat expected because LVIS height is very close to

top of the canopy height, but small-footprint lidar sometimes misses the tallest tree tops.
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We also compared the small-footprint discrete-return lidar and field measured height
differences, (Hgelq - Hsr), which tend to show a slightly decreasing trend with slope
(Figure 2.7). The trend might be caused by the mismatched geolocation problem or by

some other random factors.

2.5.1.2 GLAS and small-footprint discrete-return lidar height comparison

We compared slope-corrected GLAS height (Hgpas) with small-footprint discrete-
return lidar (Figure 2.8). GLAS heights match well with 98 percentile of small-footprint
lidar heights (Hgr) (RMSE = 2.2 m and R*=0.77) (Figure 2.8a). Comparing to the LVIS
and small-footprint discrete-returns lidar height comparison with a larger RMSE=3.0m, it
might indicate that our scheme works better for a larger footprint lidar. However we can
not rule out the possibility that the larger uncertainty in LVIS height estimates comes
from the uncertainty of RH100 estimates, particularly for dense vegetation on steep
slopes. RH100 was estimated using the Gaussian decomposition approach and
particularly at steep slopes, the ground return is well mixed with vegetation returns and
identifying ground peaks might be difficult at forest stands with dense canopies.

We also evaluated the waveform extent correction scheme (see Section 2.3.1)
(Figure 2.8b). Comparison of small-footprint (Hsg) and slope-corrected GLAS heights
with (Figure 2.8a) and without (Figure 2.8b) waveform extent correction indicates that
correction of waveform extent improves height accuracy (R* = 0.77 and RMSE =2.2 m
in Figure 2.8a vs. R = 0.74 and RMSE = 2.9 m in Figure 2.8b).

We further investigated the effectiveness of slope correction scheme by comparing
GLAS and small-footprint lidar height differences (Hgras - Hsp) with slope (Figure 2.8c).

To examine the impact of correction of waveform extent on height retrieval, we overlay
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(Hgras - Hsp) with/without correction of waveform extent (Figure 2.8¢c). Retrieved
heights can increase from 0 to 5 m using our correction scheme. Height differences,
(Hgras - Hsp), show slightly decreasing trends with slope for both schemes. The trend is
roughly the same as the slope dependency of small-footprint lidar and field measured
height differences (Figure 2.7c). In summary, extending original GLAS waveform extent
to a zero-threshold is necessary for our slope correction scheme. However, a more
systematic study is required in the future. Hgpas with the correction of waveform extent

is used for the rest of the paper.

2.5.1.3 GLAS and LVIS height comparison

To further evaluate GLAS height at a large scale with an increased slope range, we
compared GLAS with LVIS heights (Figure 2.9). LVIS height was calculated as the
mean of three tallest LVIS heights (slope-corrected) within each GLAS footprint. Direct
comparison of GLAS and LVIS height (Figure 2.9a) shows RMSE=3.7m and R* = 0.64.
The RMSE here is larger than the value in GLAS and small-footprint lidar comparison
(RMSE =2.2 m). Two possible factors contribute to this: a). larger height range in LVIS
data (13.6 — 35.5 m with standard deviation, std = 4.6 m) than in small-footprint lidar
(19.6 —29.9 m, std = 3.1 m), the possible uncertainty in RH100 estimate (see the
discussion before).

Figure 2.9b and Figure 2.9c compare the slope dependencies of the uncorrected
lidar height differences (Lcx; - RH100) and slope-corrected lidar heights (Hgras - Hrviss).
The slope dependency is strong between uncorrected lidar height differences (Figure
2.9b) but minimal after slope correction (Figure 2.9c). The dependence of these

differences on slope can be derived from Eq. (2.1) and described as follows:
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L, —RH100=(dgy, s —d, s/ 2)tan0+c- FWHM g, /2

(2.5)
Hgus —Hpys=c- FWHM ;s /2

where dGLA§ and d;y;sare GLAS and LVIS footprint diameters, FWHMgpas is FWHM for
GLAS. The positive correlation between (L.x-RH100) and slope in Figure 2.9b is
consistent with Eq. (2.5). Once slope effect is removed from GLAS waveform extent and
LVIS RH100, the difference between GLAS and LVIS heights shows very little
dependence on slope (Figure 2.9¢). This result demonstrates the effectiveness of the

slope correction used in this study.

2.5.2 GLAS and LVIS Waveform Comparison in BEF

GLAS and aggregated LVIS waveforms were analyzed under three different
categories: typical, noisy and saturated waveforms. Noisy waveforms refer to those with
background noise greater than 2 Digital Number (DN). Background noise is calculated as
the standard deviation of DN values from non-vegetation and non-ground waveform
returns. 2DN was selected as the threshold to separate lower and higher noise groups
shown in the GLAS data. Saturated waveforms refer to those with sensor saturation,
occurring in either vegetation returns for very dense canopies or ground returns for very
sparse canopy partly due to a wrong sensor gain mode. Saturation index in GLAS
products was used to determine if each GLAS waveform is saturated or not. We call the
rest of the waveforms, which are acquired under more common atmospheric conditions
with a proper sensor gain mode, typical waveforms. By our definition, for 31 leaf-on

GLAS waveforms collected in BEF, 12 are noisy, 8 saturated and 13 typical.
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2.5.2.1 Typical Waveforms

9 out of 13 GLAS waveforms matched well with aggregated LVIS waveforms over
various slopes (0.2 to 14.4 degrees). Figure 2.10 shows comparison for four typical
waveforms with two good matches and two mismatches. The matched waveforms occur
in both relatively dense (Figure 2.10a) and multilayered (Figure 2.10b) vegetation
canopies. Two types of mismatches were found in four mismatched waveforms: One
type (Figure 2.10c) has two similar waveform shapes but with mismatched height,
probably due to either GLAS or LVIS ground elevation error. The other type (Figure
2.10d) has two similar canopy or ground peaks but with mismatches in magnitudes.
Several factors could contribute to this mismatch, such as geolocation uncertainty
between datasets, LVIS® and GLAS’ small off-nadir pointing effects and LVIS non-
uniform sampling effects within each GLAS footprint. In forest stands with non-random
spatial distribution of tree heights, the small LVIS off-nadir pointing angle can cause
some waveform change, compared to the near-nadir viewing GLAS data
(Neuenschwander et al., 2008). We found that the mismatches caused by the above
sources are usually not significant, and overall most typical GLAS waveforms match well

with the aggregated LVIS waveforms.

2.5.2.2 Saturated Waveforms

Figure 2.11 shows the same comparison as Figure 2.10 except for saturated GLAS
waveforms at ground (Figure 2.11a and Figure 2.11b) and at canopy (Figure 2.11c and
Figure 2.11d). For canopy-saturated waveforms, GLAS and LVIS waveform shapes are

generally in good agreement, except for slight differences in peak return magnitudes.
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This indicates that saturation in canopy might not be strong and these canopy-saturated
waveforms are still good for extracting vegetation structure.

Ground-saturated waveforms (Figure 2.11a and Figure 2.11b) show very strong
ground returns and weak canopy returns from both GLAS and LVIS data, indicating
these sites are sparsely vegetated regions. Ground-saturated GLAS waveforms are
consistently located several meters above LVIS data, which could be caused by
underestimation in GLAS ground elevation or ignoring surface roughness effects in our
analytical estimation of ground peak in GLAS waveforms. Comparisons for canopy-
saturated waveforms (Figure 2.11c and Figure 2.11d) show little height differences
between GLAS and LVIS waveforms. Ground-saturated waveforms show weaker ground
peak returns in GLAS and some mismatch in canopy returns (Figure 2.11a and Figure
2.11b). Saturation in GLAS waveforms results in weaker ground peaks when comparing
to LVIS waveforms. The mismatches in canopy returns could be the result of
mismatches in LVIS and GLAS geolocation and uneven LVIS samplings in each GLAS
waveforms. In summary, GLAS waveforms can saturate at canopy in dense canopy or at
ground in sparse canopy, and ground saturation have slightly higher impact on GLAS

data quality.

2.5.2.3 Noisy Waveforms

Figure 2.12 shows the same kind of comparison as in Figure 2.10 except for noisy
GLAS waveforms. In general, GLAS and LVIS waveform shapes match well; however,
GLAS waveform extent can be reduced due to larger threshold value used to determine
top and bottom of the waveform extent. By examining the relationship between GLAS

waveforms and their extent (shaded area) shown in Figure 2.12, we found that the

28



waveform extent is usually a few meters shorter than what the visually interpreted
waveform range should be.

The degree of waveform extent underestimation is depending on waveform shape, or
vegetation structure, slope and sensor view angle. When both canopy and ground returns
are strong (Figure 2.12a), waveform extent underestimation is very small. However,
significant underestimation can occurred in ground (Figure 2.12b and Figure 2.12d) or
canopy (Figure 2.12c) when ground or canopy returns are weak. This indicates that
waveform extent determined by the simple threshold method can be problematic in noisy
waveforms especially when either canopy or ground returns are weak; therefore, our

vegetation height method should be used with caution for noisy waveforms.

2.5.2.4 Evaluation of GLAS Vegetation Height

Figure 2.13 compares GLAS and mean of top three LVIS vegetation heights for all
BEF data. The comparison was categorized into two groups: typical and saturated
waveforms and noisy waveforms. Figure 2.13 shows that LVIS mean-top-three-heights
match well with GLAS heights for typical and saturated waveforms (R* = 0.8 and RMSE
= 2.4 m). The result is similar to the earlier GLAS and small-footprint lidar height
comparison (Figure 2.8a), which covers a similar area. However, noisy waveforms often
result in underestimating waveform extent and vegetation height. Height underestimation
is usually about a few meters, but can be up to 15 m for very sparse and dense forests, in

which identifying first and last return is particularly sensitive to the threshold.
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2.6 Discussion

The most unique part of our height retrieval scheme is that slope is corrected using
an analytical formula with auxiliary slope data. The same correction will be applied for
the same slopes no matter what the vegetation condition is. Other GLAS height
estimation schemes, for example statistical approaches, have their own advantages as
slope information is estimated from waveform shape parameters and calibration
coefficients and could be more accurate for specific sites. Nonetheless, recalibration is
likely a necessary process as topography effects on waveform shape are affected by local
vegetation conditions and sensor view angle (Chen, 2010b; Neuenschwander et al.; 2008;
and Yang et al., 2010). Our physical approach provides a systematical analysis to
quantify the specific error sources. Such a physical approach to retrieve vegetation
height from lidar over slope terrains offers an important compliment to current retrieval
methods and a significant step to map global vegetation structure from future lidar
missions.

The slope-corrected vegetation height scheme presented in this study is different
from other height retrieval schemes such as Lorey’s height (Lefsky et al., 2007) or
crown-weighted height (Pang et al., 2008), which consider the canopy distribution on
height estimate. Our slope-based scheme is to retrieve maximum vegetation height,
which is similar to RH100 in LVIS data. Maximum canopy height might be less related
to biomass than other height metrics such as Lorey’s height, crown-weighted height or
RH75, RH50 derived from LVIS data. However, maximum canopy height is a critical

structure input for surface roughness estimate in land surface biophysical models.
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Retrieving other vegetation height metrics is more complicated and will be further
investigated in our future work.

Our results have demonstrated that first-order topography effects on lidar heights can
be removed analytically using the slope-correction scheme. However, its height retrieval
accuracy is affected by several factors. One of the largest uncertainties might come from
unevenly distributed vegetation. Our scheme was developed with the assumption that
similar vegetation structure is evenly distributed within each footprint. This assumption
may not be valid when vegetation distribution has a large variation in height and
unevenly distributed over a slope.

GLAS, LVIS and small-footprint lidar height comparison results presented in this
study show that slope-corrected LVIS height has larger RSME (3.0 m) than slope-
corrected GLAS height (with RMSE = 2.2m) when compared to small-footprint lidar
height. This result might indicate that our algorithm works better for large footprint lidar
(ICESat/GLAS) than medium-footprint lidar (LVIS). However, uncertainty in RH100
estimates over sloped terrains might cause larger uncertainty in LVIS height retrieval
presented in this study (see discussion before). Further work is necessary to use both the
full waveform extents from LVIS and GLAS data for our slope correction scheme in
order to fully validate our conclusion.

Non-uniform spatial vegetation distribution might also contribute to the larger
uncertainty in the two large footprint lidar height comparison (GLAS and LVIS, RMSE =
3.0 m) than in the GLAS and small-footprint lidar height comparison (RMSE = 2.2m),
particularly when large variation of tree heights are on slopes. For example, lidar return

from top canopy near the edge of GLAS footprint might not be detectable because laser
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energy is much lower than it is in the center. But the same canopy can be detected by
small-footprint lidar or LVIS footprint. We expect the sampling bias to be larger, thus
larger RSME when GLAS is compared with LVIS than with small-footprint lidar because
small-footprint lidar has higher spatial samplings density.

In addition, accurately quantifying surface roughness effects on waveforms can also
reduce uncertainties on lidar heights retrieval when ground peaks are questionable. It is
not trivial to quantify surface roughness effects because of the lack of knowledge of
detailed surface elevation characteristics.

To fully quantify lidar height distortion on slope, both topography information (slope
and aspect) and sensor zenith and azimuth angle are needed (Yang et al., 2010). We
chose to use the simpler nadir correction scheme because the off-nadir angles are small
and lack of accurate sensor zenith and azimuth angles and slope orientation. In our study
region, the estimated off-nadir pointing angles are about 3-5 degrees for LVIS and 0-2
degrees for GLAS, resulting in height error ranging from 0.1 to 1 m for 2-degree off-
nadir angle in GLAS and from 0.2 to 1.5 m for 5-degree off-nadir pointing angle in LVIS
(estimated using equations in Yang et al., 2010). Furthermore, the uncertainty caused by
the 3 degree accuracy of NED slope dataset is about 0.55 m for LVIS RH100 and 2.7 m
for GLAS waveform extent (at typical GLAS footprint size (50 m) in our study) at 10
degree slope. For a global application, SRTM or ASTER DEM will be used to derive
slope. Our future work will assess the overall slope-corrected height accuracy when

SRTM or ASTER in stead of NED slope datasets are used.
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2.7 Conclusions

Large uncertainties in vegetation structure retrieved from spaceborne ICESat/GLAS
laser altimetry data are caused by surface topography, background noise, and sensor
saturation. In this study we used an analytical approach to retrieve vegetation height by
removing slope effect from lidar returns. We evaluated slope-corrected GLAS and LVIS
heights using small-footprint lidar data and field measurements in southern White
Mountain National Forest, NH. We also evaluated GLAS vertical vegetation structure
content by comparing GLAS and corresponding LVIS waveforms and investigated the
impact of sensor noise and saturation on vegetation structure retrieval in Bartlett
Experimental Forest, NH.

Yang et al. (2010) presents an analytical scheme to quantify the impacts of surface
topography, footprint size, laser pulse width and surface roughness on lidar vegetation
height metrics over a forest stand. The scheme was used to remove surface topography
from GLAS waveform extents and LVIS RH100 using slopes derived from the National
Elevation Dataset (NED). The difference between original lidar height metrics, GLAS
waveform extent and LVIS RH100 indicates a strong dependence on slope. However,
after slope correction using our method, GLAS and LVIS heights match reasonably well
with small-footprint data and field data with RMSE = 2.2 m for GLAS and 3 m for LVIS.
Our analysis shows that the combined effect of surface topography and footprint size can
be accurately removed from GLAS waveform extent and LVIS RH100. Slope-corrected
GLAS heights match well with slope-corrected LVIS heights with RMSE = 3.7 m. The
corrected GLAS and LVIS vegetation height differences are independent of slope,

indicating the topography correction is effective.
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GLAS and aggregated LVIS waveforms and vegetation height comparisons in
Bartlett Experimental Forest, NH show that GLAS waveforms and heights matched well
with LVIS for most waveforms without sensor saturation and with low background noise.
Saturated waveforms show reasonably good match between GLAS and LVIS waveforms,
indicating GLAS saturated waveforms should still capture vertical vegetation structure
well. GLAS waveforms with large noise often mismatch LVIS waveforms resulting in
underestimation of waveform extent and vegetation height

Applying our slope correction scheme outside of U.S. or at global scale requires
surface slope information from alternative sources. It is possible to characterize large-
scale slope information from the global canopy-adjusted surface elevation data generated
from SRTM, owing the elevation bias is systematic and statistically insignificant. Our
initial study in New England region shows that SRTM does not provide good quality
elevation data, however the slope from SRTM matches reasonably well with NED slope
(Mean error ~0.9 degree, RMSE ~3 degree). With the acceptable slopes from SRTM, our
correction scheme can be applied to global scale after further evaluation in other regions

and biomes.
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Figure 2.1: Slope map derived from National Elevation Data (NED) overlaid with GLAS
footprints (thick black dots), field sample sites (triangulars), small-footprint discrete-
return lidar sampling area (blue rectangle) and LVIS data extent (parallelograms) in
southern White Mountain National Forests, NH. Circle indicates the location of Bartlett
Experimental Forest where full LVIS waveform data are available.
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Figure 2.2: Schematic definitions of lidar-derived vegetation height (H), RH100, and
waveform extent (Lcy) for one waveform on a flat terrain (solid line) and another over a
slope (dash line).
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Figure 2.3: Impact of slope on lidar height retrieval. H is lidar height over a flat surface,
d is lidar footprint diameter, and 0 is the slope. The distance from canopy top to bottom
on a slope is H + d*tan 6.
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Figure 2.4: Scheme of to aggregate LVIS waveforms (thicker circles) within one GLAS
footprint as a summation of all LVIS waveforms weighted by the normalized GLAS lidar
energy intensity (shaded) ranging from 0.159 from the center to 0.022 at the edge).
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Figure 2.5: Comparison of a) LVIS RH100 with field measured maximum height (Hgeq) ;
b) Hyvis (with slope correction) with field measured maximum height (Hgeqg) ; the

dependence of ¢) LVIS height residuals, (RH100 - Hgeg) on slope and; d) (Hyvis - Hield)
on slope.
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Figure 2.7: The relationship of height differences between the 98 percentile of small-
footprint lidar height (Hgp) and field measured maximum height (Hgeq) with slope
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small-footprint lidar height (Hsf) a) with the correction of waveform extension and b)
without the correction) and c¢) the dependence of residuals of slope-corrected GLAS
heights, (Hgras-Hsr) on slope with trend. Two GLAS heights in c): circles with the
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Figure 2.10: Comparison of aggregated LVIS (thick curve) and typical GLAS (shaded)
waveforms with two well-matched (a and b), one matched in height but in magnitude (c),
and one with similar waveform shape but mismatched height (d). Slope is the mean slope
in GLAS footprint, N is the number of LVIS waveform used for aggregation.
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Figure 2.11: Comparison of LVIS and saturated GLAS waveforms with ground saturated
(a and b) and canopy saturated (c and d).
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Figure 2.12: Comparison of LVIS and noisy GLAS waveforms.
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Chapter 3 Assessing General Relationships between
Above-Ground Biomass and Vegetation Structure
Parameters for Improved Carbon Estimate from

Lidar Remote Sensing

3.1 Introduction

Lidar remote sensing provides measurements of horizontal and vertical vegetation
structure of ecosystems. This information will be critical for estimating global carbon
storage and assessing ecosystem response to climate change and natural and
anthropogenic disturbances. Unlike many other remote sensing measurements, lidars
provide direct and indirect measurements of vegetation structure which can be used to
estimate global carbon storage (Dubayah and Drake, 2000). Recent advances in lidar
technology have made lidar data widely available to study vegetation structure
characteristics and forest biomass. The spaceborne Geoscience Laser Altimeter System
(GLAS), part of the ICESat mission, provides global lidar data with a variable diameter
of ~70m footprint spaced at ~170 m (Zwally et al. 2002; Harding et al. 2005; Lefsky et
al. 2005). Airborne data have also been collected using a Scanning Lidar Imager of
Canopies by Echo Recovery (SLICER) with a 15m footprint and the Laser Vegetation
Imaging Sensor (LVIS) with a 20m/25m footprint over several large areas for improved

vegetation structure characterization (Blair et al. 1999). Small-footprint multiple return
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lidar data have also been collected in many regions of the globe (Jupp et al. 2005) and
more recently small footprint scanning waveform systems have become operational
(Gutierrez et al. 2005; Neuenschwander et al., 2008). Many studies have demonstrated
the potential use of spaceborne and airborne lidar data to estimate vegetation height,
above-ground biomass characteristics, and other vegetation structure parameters (Simarc
et al, 2008; Lefsky et al., 1999, 2002, 2005; 2007; Harding et al., 2001, 2005; Drake et
al., 2002a, 2002b, 2003; Nelson et al., 1984, 1988, 1997, 2009, Patenaude et al., 2004).
The National Decadal Survey report (NRC, 2007) also recommended two new lidar
missions - the Ice Cloud and Land Elevation Satellite-II (ICESat-II) and the Deformation,
Ecosystem Structure, and Dynamics of Ice (DESDynl) to measure the horizontal and
vertical structure of ecosystems for estimating global carbon storage and ecosystem
response to climate change and human land use. Both the ICESat-II and DESDynl
missions expect to provide measurements of vegetation structure to estimate above-

ground biomass and carbon stocks with greatly reduced uncertainties.

Carbon stocks or above-ground biomass are not directly measured by lidar. But
many studies have demonstrated the strong relationship between above-ground biomass
and lidar measured tree height, ranging from boreal conifers to equatorial rainforests
(Lefsky et al. 2005, Drake et al. 2002a; 200b). These relationships are used to derive
above-ground biomass from lidar-measured vegetation height (Lefsky et al., 2005) or
accumulated vegetation lidar returns (Drake et al. 2002a; 2002b; 2003) at large scales.

However, large uncertainties exist in the large-scale above-ground biomass estimates
from lidar. Forest above-ground biomass is related to several woody structure

parameters, including trunk diameter at breast height, height of canopy, stem density, and
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branch distribution, but height is the only woody structure parameter directly measured
by lidar. Above-ground biomass was indirectly derived based on empirical relationships
with lidar measured vegetation height or accumulated lidar returns from vegetation.
Often these relationships are site-dependent and lead to large uncertainties when applied
over large regions, indicating that height may not be the only structure parameter relating
to biomass. Drake et al. (2002a and 2002b) found that the height of medium energy
returns (RHS50) is better related to above-ground biomass than the height at full energy
returns (RH100) due to RH50 being more sensitive to changes in both the vertical
arrangement of canopy elements and the degree of canopy openness (including tree
density) than height itself. Further investigation is required to have a clear understanding
of the links between above-ground biomass, vegetation structure parameters measured
from field and from lidar in order to develop a more physically based approach in order
to improve above-ground biomass estimates from lidar. This will also help us to better
understand the above-ground biomass retrieval accuracy from lidar for the ICESat-II and
DESDynl missions. This study is a first step into this direction, using field measurements
of vegetation structure and the airborne LVIS and hemispherical scanning ground lidar

EVI data collected in the New England region in 2003 and 2007.

3.2 Review of Above-Ground Biomass Estimate

Two approaches are commonly used to estimate above ground biomass. One is
allometric approach to estimate biomass based on a given tree diameter at breast height
(DBH) and the other one is using woody volume to calculate biomass (see Brown, 2002

for an extensive review).
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The most common approach to estimate above-ground biomass is using allometric
equations to calculate above-ground tree biomass (AGB) to a given tree diameter value
(D), usually measured at 1.3 m,

AGB = aD’ (3.1
where a and b are scaling coefficient and scaling exponent, respectively, which vary with
species, sites and age. Usually a and b are obtained through empirical regression of log-
transformed data of biomass and diameter pairs measured from destructively sampled
trees. For example, Jenkin et al. (2004) and Ter-Mikaelian and Korzukhin (1997) list a
and b values from species in the US. This approach is laborious and time-consuming.

Many studies have investigated how a and b are related to stand structure and age.
West et al. (1999) used the fractal properties of tree branching networks and developed a
geometric model of tree structure which predicts above-ground biomass from tree
diameter and estimates the exponential factor h=8/3=2.67 independently of species, site
and age. Enquist et al. (1999) suggested that a is related to wood density, however
Chambers et al., (2001) found a=0.1.

Many other studies found that a and b varies by species, sites, and even stand ages.
Ketterings et al (2001) found that a and b vary between sites and suggested that b can be
estimated from the site-specific relationship between height and diameter, H = kD"
and a =rp, where r is expected to be relatively stable across sites and p is the wood
density. Zianis and Mencuccini (2004) used fractal geometry and found that the scaling
exponent b is between 2 and 3 and should be obtained based on tree height/size (or stand
age). Their result is consistent with the finding by Ketterings et al (2001) that 4 is related

to tree height. Their study also found a statistically significant difference between
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theoretical and empirical values of the allometric exponent (h=2.3679 vs b=2.67). Pilli
et al. (2006) analyzed 49 datasets of different species and found that b is also related to
tree stand age, species and site and a is correlated to wood density. All these studies
indicates that tree height/age based allometric equations are possible, This result may
have a great implication for deriving tree height and stand age based allometric equations
for biomass estimate from lidar.

The allometric approach to estimate above-ground biomass requires measurement
of the diameter for each individual trees and the allometric equation for each individual
tree species. Developing allometric equations for each individual species can be very
difficult particularly in tropical forests. Chave et al. (2005) used a single pan-tropical
woody volume-based approach to estimate above-ground biomass at plot level. The
basic hypothesis is that above-ground biomass for each tree is proportional to woody
volume (product of height and basal area) (Chave et al., 2005):

AGB=F -(p-(xP/)-H)”" (3.2)
where H is tree height, p is the wood density (dry weight per unit volume in g/cm”3) and
B<1. F is a constant factor depending on tree taper. For broadleaf species, F=0.06
(Chave et al., 2005). Their study demonstrates that including wood density and woody
volume improves biomass estimates.

However the woody volume-based approach is not often used due the difficulty to
obtain height measurements for each individual tree. One way to overcome this problem
is to use allometric equation, H ~ D”, to calculate height from trunk diameter. However,
in reality a power-law is not the best relationship for predicting height from diameter, and

often lead to biased estimate of above-ground biomass equations (Chave et al., 2005).
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Woody volume-based approach has been proved an effective approach to study the
parametric values of diameter-based allometric equations (Pilli et al. 2006; Zianis and
Mencuccini, 2004) and to estimate above-ground biomass at plot level (Chave et al.,
2005). This study uses this approach to revisit the relationship between above ground
biomass and vegetation structure parameters at different scales and use these
relationships to further understand the relations between biomass and lidar structure

parameters.

3.3 Study Sites

This study used data collected in temperate forests in New England. Our study sites
include many plots in Harvard Forest (HF), MA, Bartlett Experimental Forest (BEF),
NH, and the Forest Ecosystem Research site in Howland, ME (see Figure 3.1). HF is a
60-70 yr old mixed deciduous forest. The stand is in the transition hardwoods-white pine-
hemlock zone (Spurr, 1956), and is comprised mainly of red oak, red maple, yellow
birch, white birch, beech, white pine, and hemlock. BEF includes old-growth northern
hardwoods with beech, yellow birch, sugar maple, and eastern hemlock. The natural
stands in Howland, ME, is the boreal-northern hardwood transitional forest and consists
of spruce-hemlock-fir, aspen-birch, and hemlock-hardwood mixtures. Our study sites
cover large forested regions with various climate conditions and should be a good

representation of the forests in the northeastern USA.

3.4 Data Sets

Data sources used in this study include: vegetation structure field data collected in

2003 and 2007, LVIS data collected in 2003 and ground lidar data collected in 2007.
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There is a four year difference between these datasets. We observed that growth, for
example, in sparse shelterwood site in Howland, Maine, plays a role in LVIS and
modeled waveform comparison (Yang et al., 2009). However DBH comparison in
Howland, MN from 1989 to 2003 does not show much growth. LVIS and EVI height
comparison does not show impact of growth. Growth was ignored in this study.

Two sets of ground tree structure field data were used in this study. The first
includes 6 stands (28 plots with a 20m/25m radius) of tree data collected in summer,
2007 in three forest sites (Harvard Forest, MA, Bartlett Experimental Forest, NH, and the
Forest Ecosystem Research site in Howland, ME). The second is a complete stand map
collected in 2003 in the Forest Ecosystem Research site in Howland, ME (see Figure 3.1
for the locations of our study plots and the stem map area). These two datasets were

collected over relatively flat terrains.

3.4.1 2007 Field Data

The 2007 ground data include vegetation structure data collected in six stands with
two stands selected in each forest (Harvard Forest, MA, Bartlett Experimental Forest,
NH, and the Forest Ecosystem Research site in Howland, ME) and each stand with
unique canopy cover composition commonly seen in this region, e.g. deciduous forest
dominated, conifer forest dominated, or partially harvested forest. Our sites are purposely
selected to encompass most forest cover types in New England. Within each stand, tree
data were collected in 5 plots (except only 3 plots near the tower site in Howland). Each
is a circle area with a 20m radius (except for 25m in the hardwood site in Harvard Forest
due to lower tree density). One plot is at the stand center, the rest at 30-50m away from

the center at each of the 90 degree angles (see the bottom right square in Figure 3.1).

54



Diameter at Breast Height (DBH), tree species, tree status, and crown status were
sampled for trees with DBH >=10cm, smaller trees (DBH between 3-10cm) were
measured within 10m of plot center. In addition, 10 trees were selected in each plot for

additional tree height and crown size measurements.

3.4.2 2003 Stem Map Data

The 2003 stem map in the Forest Ecosystem Research site in Howland, ME is a
200mx150m rectangular area (except for a 30mx30m plot) near the experimental forest’s
flux tower (see Figure 3.1). Tree species, DBH, tree status (alive, dead), and crown
status (dominance of the tree crown) were sampled for a total amount of ~7800 trees in
2003. Similar data collected in 1989 were used to verify our tree height allometric
equations. Instead of using the originally designed rectangular plot for 2003 data, a
circular plot (20m in radius) was used to be consistent with the other dataset (see the top

right square in Figure 3.1).

3.5 Lidar Data

Two sets of lidar data collected in our study sites were used in our analysis. One is
the LVIS, or the “Laser Vegetation Imaging Sensor” and the other is a hemispherical
scanning ground lidar, the Echidna® validation instrument (EVI) (Jupp et al. 2005; 2009;

Strahler et al. 2008).

3.5.1 Airborne Lidar Data

In summer 2003, LVIS was flown over several regions in New England (Blair et al.,
2006). The LVIS data used in this study were acquired on July 18-20, 2003 in Bartlett,

NH, July 26, 2003 in Howland, ME, and July 20, 2003 in Harvard, MA. The flights
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altitude are ~10 km, producing footprint size of ~ 20 m, separated by roughly the same
distance both along and across track.

LVIS is an airborne laser altimeter system, or lidar, designed, developed and
operated by the Laser Remote Sensing Laboratory at NASA’s Goddard Space Flight
Center. The onboard laser generates Gaussian shaped optical pulses at a wavelength of
1064nm (Blair et al., 1999). The vertical sampling resolution of LVIS is 30cm (1ns).
LVIS footprint sizes (diameter) typically vary between 10 to 25 m depending on the
mission flight altitude. To be consistent with other datasets, the vegetation structure
parameters derived from LVIS were also binned in each plot where ground structure data
were collected. LVIS has a published geolocation accuracy of 1 m or less for this dataset
(Blair et al., 2006). Our analysis indicates that LVIS geolocation data match very well

with IKONOS data.

3.5.2 Ground Lidar Data

Concurrently with the ground structure data collection, a hemispherical scanning
ground lidar, the Echidna® validation instrument (EVI) (Jupp et al. 2005; 2009; Strahler
et al. 2008) was deployed in the same sites as our ground data collection. One set of EVI
scan data were collected for each plot in each stand in 2007. EVI, developed by CSIRO
Australia as part of its canopy lidar initiative, is a ground-based, upward hemispherical-
scanning, full waveform digitized, terrestrial lidar instrument and allows acquisition of
vegetation canopy structure data, including height, basal area, and stem counts, as well as
accurate information on standing woody and green biomass for carbon balance inventory
and mapping (Jupp et al. 2007; 2005; Strahler et al. 2008). EVI utilizes a horizontally

positioned laser that emits pulses of near-infrared light at a wavelength of 1064nm.
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Pulses are emitted at a rate of 2 kHz. Plot and stand level DBH, basal area, tree height in
addition to foliage profiles were derived from each plot in our study sites using the EVI

data (Tian et al., 2009; Zhao et al., 2009).

3.6 Field Data Analysis

Based on the vegetation structure parameters collected in 2003 and 2007, we
examined the relationship between above-ground biomass for each individual tree and at
plot level with height, DBH, basal area and woody volume. Above-ground biomass for
each individual tree was calculated based on DBH-based allometric equations and plot
level biomass was calculated as the sum of individual tree biomass within each plot.
Vegetation height was not measured for each single tree in the field; however height was
estimated from DBH using DBH-height allometric equations and was evaluated using
height and DBH measurements from the same site.

The allometric equations for biomass were chosen from the literature where ground
data collection best approximates the conditions in our study sites (Tritton et. al., 1982):

In(AGB)=a+bIn D (3.3)

where the coefficients @ and b vary with species. The allometric equations for height

were from Albani, et. al.(2001):

H=13+b, -(1-e"") (3.4)

where coefficients b, and »,, vary with plant functional types (PFTs), which are

differentiated by their leaf physiology, allometry, mortality and dispersal. We verified

that the above allometric equation provides good estimates for tree height for our study
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area by comparing tree height estimates with the tree height estimates in 1989 (R=0.87,

RMSE=2.3m, for nearly 7800 trees).

3.6.1 Results for Individual Tree-Species-Based Analysis

Figure 3.2 compares the relationship between above-ground biomass with woody
volume approximated as the product of basal area and tree height for major tree species
in New England. The analysis was separated by two groups: conifer/softwood tree
species and deciduous /hardwood tree species. Figure 3.2 shows that for trees within 10
to 68 cm DBH range, above-ground biomass is almost linearly related to the woody
volume except for birch species. Previous studies on allometric equations have shown
that the coefficients are dependent on species, possibly on stand age and structure (Pilli et
al. 2006; Zianis and Mencuccini, 2004). As indicated in Eq. (2.2), the coefficients
(slopes) of the linear relationship between above-ground biomass and woody volume are
related to the wood density. Softwood and hardwood show a large difference in wood
density, resulting in two distinguished groups as shown in Figure 3.2. For all hardwood
tree species in our study area, except for birch, the biomass does not vary much between
individual species. For all softwood tree species, except for northern white-cedar tree,
biomass estimates all group together. We concluded that the above-ground biomass and
woody volume relationships are vegetation type dependent. This result is consistent with
the conclusion from Chave et al. (2005) that knowing wood density improves above-

ground biomass estimates.
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3.6.2 Results for Plot Level Analysis

Plot level analysis was based on two datasets collected in 2003 and 2007. These
two datasets have similar geolocation accuracy, topography and sampling strategy. Data
collected in 2003 were binned into 4 x 6 circular plots with 20m radius, the same plot size
as for the 2007 data. Both datasets have about S5Sm geolocation accuracy.

Figure 3.3 compares the relationships among plot level above-ground biomass with
various tree structure parameters including quadratic mean DBH (DBH_qm), basal area,
quadratic mean tree height (H_qm), top 10% tree height, and woody volume (the product
of basal area and tree height) for data collected in 2003 and 2007. It shows that plot level
above-ground biomass is related to height metrics and to mean DBH structure parameters
with root mean square error (RMSE) ranging around 1.1-4kg/m” and coefficient of
determination R” ranging from 0.4 to 0.7. However there are five outliers in biomass and
height/DBH relationships (Figures 3.3a, 3.3c and 3.3d). These outliers are from the
shelterwood stand in Howland, MN, where vegetation is very sparse. Quadratic mean of
DBH (DBH_gm), quadratic mean tree height (H_qm) and top 10% tree height were large,
however total above-ground biomass was low in these sites.

Over all structure parameters, woody volume (calculated as the product of basal
area and top 10% or quadratic mean of tree height) is the best biomass predictor when the
analysis was based on vegetation type with RMSE from 1.1kg/m* to 1.6kg/m’® and R*
from 0.74 to 0.95. Conifer plots show a better relationship (R*=0.95) between biomass
and woody volume than deciduous (R’= 0.74). Overall woody volume is a good
predictor of plot level above-ground biomass when the forest type is known. The method

used in this study is different from Chave et al. (2005) in that their study developed a
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regression model to relate above-ground biomass with diameter and height for each
individual tree at a plot level. Our study used basal area and top 10% tree height at the
plot level which is more closely related to lidar measured tree height. Our conclusion is
consistent with theirs in that woody density and woody volume a good estimate of
biomass and our study also indicates that distinguishing hardwood and softwood

vegetation type and woody volume are critical for biomass estimate.

3.7 LVIS Data Analysis

Lidar data analysis focuses on examining the physical meaning of vegetation height
metrics and the link between plot level above-ground biomass with height metrics,
vegetation cover and structure parameters combing height and gap fraction. This analysis
will aid us to understand the error sources in lidar estimated biomass and investigate how
much improvement in biomass estimate we can expect by adding additional vegetation

structure parameter compared to using height metrics alone.

3.7.1 The LVIS Data Processing

To extract vegetation structure parameters for each plot from LVIS data, LVIS
footprint-level structure parameters within each plot were binned to obtain plot level
LVIS structure parameters. Figure 3.4 shows the spatial relationship between LVIS
footprint and the plot size. To extract LVIS data for the corresponding plot, we averaged
all LVIS data occupying an area slightly larger than plot range to reduce geolocation
uncertainty. LVIS data (height and coverage) with footprint centers located within a Sm
radius circle centered at each plot center are averaged (using quadratic mean for height)

for all the 2003 and 2007 plots (see Figure 3.4).
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Three structure parameters derived from LVIS were used in this study: The first,
RH100, calculated as the distance of the top of vegetation returns and the peak of last
Gaussian pulse (the ground returns); the second, RH50 as the height of medium energy
occurs relative to the last ground returns (Drake et al., 2002a). Both height metrics are
often used to estimate above-ground biomass (Drake et al., 2002a; 2003); and the third,
vegetation cover, calculated from the full lidar waveforms based on the method described
below:

Vegetation cover can be estimated from accumulated lidar returns from canopy and
ground. However it is well known that the lidar returns are affected by the canopy and
background reflectivity ratio. Based on the basic lidar equations (Ni-Meister et al., 2001),
vegetation cover can be directly estimated from accumulated vegetation and background

returns, g _and R, (see Figure 3.5 on how to obtain R, and R, from waveforms), and the
ratio of canopy volume backscattering coefficient (p,) and the background reflectivity
(Pg), p./P, >
C:I/(1+%%) (3.5)
Accumulated vegetation and background returns, £ and R, for each footprint can

be easily retrieved from original lidar energy returns. For reflectivity ratio ( p, / p, ), We

used values derived from previous study (Yang et al., 2010), which demonstrated that
using the reflectivity adjusted waveforms can improve accuracy in lidar derived canopy

gap profiles.
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3.7.2 Results

Figure 3.6 compares RH100 and in-situ measured vegetation heights calculated as
mean top 10%, maximum and quadratic mean tree height at LVIS footprint, plot and
stand scales. At the LVIS footprint level (20m), RH100 is best represented as the
maximum tree height; however there are a few outliers showing significant
underestimation of maximum tree height. They are likely the results that taller tress are
located near the edge of the footprint, where laser energy is weak; therefore there is not
enough back scattering from the tree tops to record distinguishable returns (Hyde et al.,
2005). Our result is comparable to other results by Lefsky et al. (2001) and Hyde et al.
(2005).

RH100 overestimates the quadratic mean of tree height, but compares reasonably
well with top 10% tree height at the footprint level. However both top 10% and the
quadratic mean of tree height has much smaller variations than RH100, partly due to
averaging often leading to reduced variations. The other reason could be that in-situ tree
heights were not direct ground measurements, but were calculated based on allometric
equations and such calculation loses its nature variation.

At the plot and stand levels, RH100 and top 10% height and quadratic mean height
were all averaged values. RH100 slightly overestimates top 10% tree height, particularly
for tall trees, however both variables show similar spatial variations. RHI100
underestimates maximum tree height in most cases particularly for conifer sites. The
underestimate is the result that RH100s at both plot and stand levels, are averaged value
and maximum tree heights are not. It appears that crown shape influences RH100

estimates and in conifer forests, skinny crowns often lead to too little signal to detect the
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tree tops, leading to underestimation of tree height for conifer forests. RH100
overestimates quadratic mean of tree height. The overestimation comes from that RH100
is an averaged value of taller trees and quadratic mean includes also small trees.

To better understand RH50, Figure 3.7 compares RH50 with top 10% and quadratic
mean canopy height, canopy cover and canopy volume estimated as the product of
vegetation height (RH100) and vegetation cover. It shows that RH50 is related well to
vegetation cover, quadratic mean and top 10% averaged vegetation height with R’ greater
than 0.7 and RMSE ranging from 1.7m to 2.0m. However RH50 has the closest
relationship with canopy volume (RH100* cover) with a coefficient of determination R’
=0.92 and RMSE=1m, indicating that RH50 is a better representation of canopy volume.
RH50, the height where 50% of waveform energy occurred, is sensitive to changes in
canopy foliage structure, for which canopy height, density, cover and vertical foliage
profiles are all determining elements. The value of RH50 is lowered in forest stand with
lower canopy cover, when more energy can reach the ground (Drake et. al., 2002a; 200b).
Conversely, RH50 is increased in high canopy covered forest. Figure 3.6 indicates that
RH50 is about 60%-70% of canopy volume value. Our additional analysis (not showing
plots here) found that the relationship of RH50 with crown volume (calculated based on
crown size and stem density) and total foliage area (foliage area volume density*crown
volume), appear quite complicated and crown shape may play a role in these
relationships. Our understanding of why RH50 is more closely related to height*cover
than to crown volume or foliage area is that RH50 is a combination of height and canopy

gap fraction. A physical model like the Geometric Optical and Radiative Transfer
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(GORT) (Ni-Meister et al., 2001; and Ni-Meister et al., 2009 and Yang et al. 2009b) is
required for further analysis and the results will be presented in a separate study.

To investigate the relationships of plot level above-ground biomass with RH100,
RH50, vegetation cover and canopy volume, Figure 3.8 compares above-ground biomass
with RH100, RH50, vegetation cover and the combination of two. RH100, RH50 and
vegetation cover are all good predictors of biomass. Previous study shows RH50 is a
good predictor of above-ground biomass (Drake et al., 2002a and 2002b). Our LVIS data
analysis shows that RH100*cover (R* =0.85 and RMSE=2.4 m) and RH50*cover (R’
=0.87 and RMSE=2.2 m) perform similarly or even better than RH50 (R* =0.84 and
RMSE=2.5m). However Figure 3.8 also indicates that in deciduous plots, lidar was not
successful to identify biomass variations.

To understand why RH100*cover and RH50*cover are good predictors of above-
ground biomass, Figure 3.9 compares RH100*cover and RH50*cover with woody
volume (basal area * top 10% height) and it shows that both metrics are closely related to
woody volume, particularly for conifer plots. For deciduous plots, RH100*cover and
RH50*cover seem saturated and do not change much with woody volume, indicating that
lidar might have difficult to identify biomass variation in deciduous forests, consistent
with what is shown Figure 3.8. This result concurs with Nelson et al. (2007).

High correlation of RH50 with RH100*cover suggests that RH50 is directly related
to canopy height and gap fraction, thus woody volume. This finding indicates that
biomass should be better described by lidar measured height and canopy gap fraction
than height alone. Even nadir-looking above canopy lidar does not provide woody

volume information, above-ground biomass can still be estimated with good accuracy
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from lidar data with structure parameters that combine height and gap fraction, such as
RH50, RH100*cover and RH50*cover. However lidar may not be successful in to

identify biomass variation in deciduous forests.

3.8 Analysis of Hemispherical Scanning Ground-based Lidar

Data

Our ground data analysis demonstrates that woody volume (estimated as the product
of vegetation height and basal area) is an excellent biomass predictor with knowing
hardwood/deciduous or softwood/conifer forests. However nadir pointing lidar does not
provide a direct estimate of woody volume except for tree height. One approach to
estimate woody volume is using a full- digitizing hemispherical-scanning below-canopy
lidar like the Echidna® validation instrument (EVI). As demonstrated in Jupp et al.
(2009), Strahler et al. (2008), Tian et al. (2009) and Zhao et al. (2009), EVI provides plot
level mean DBH, basal area, stem density, foliage profile and tree height structure
information. Woody volume can be calculated from EVI basal area and height
measurements. The purpose of this study is not repeating what exactly structure
information EVI can provide as did in Jupp et al. (2009), Strahler et al. (2008), Tian et al.
(2009) and Zhao et al. (2009), but to explore using EVI-basal area and height
measurements in New England to estimate woody volume and then above-ground
biomass at plot and stand levels. This approach will avoid using allometric equations to
estimate above-ground at plot and stand levels.

Our first analysis is to compare EVI height with different field measured height
metrics. Similar analysis was conducted as Figure 3.6. EVI height was compared to

mean top 10%, maximum and quadratic mean tree heights at plot and stand levels (Figure
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3.10). Similar to RH100, EVI height at both plot and stand levels matches reasonably
well with top 10% tree height with slight overestimation. EVI height slightly
underestimates maximum tree height at both plot and stand levels. However the
difference from LVIS RH100 is that EVI height accuracy is less crown shape dependent
as it is upward-looking and crown shape may not play a strong role on height estimate.
Similar to RH100, EVI height overestimates quadratic means of tree height.

Further analysis includes comparison of EVI and LVIS canopy height, and EVI
DBH and basal area with field data (see top two panels in Figure 3.11). EVI-height
agrees reasonably well with LVIS height with slightly larger LVIS height. EVI basal
area matches well with the field measurements.

Finally, above-ground biomass was compared to woody volume estimated by EVI or
a fusion of EVI and LVIS at the plot level (middle two panels in Figure 3.11) and the
stand level (bottom two panels in Figure 3.11). Figure 3.11 demonstrates that plot level
above-ground biomass is well related to woody volume particularly for conifer plots.
Although with low samplings, above-ground biomass was better estimated at the stand
level for both conifer and deciduous forests (R* = 0.97 and RMSE = 0.3 kg/m? for conifer
stand and with R = 0.92 and RMSE = 1.6 kg/m’ for deciduous stand) than at the plot
level. Our analysis demonstrates that hemispherical-scanning ground lidar like EVI
provides high quality estimates of woody volume, and thus accurate estimates of above-
ground biomass. This analysis demonstrates the potential strength in biomass estimate at

large scale using EVL
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3.9 Conclusions and Discussion

This study analyzes both field and lidar-based vegetation structure measurements
collected in New England at different scales to investigate if additional vegetation
structure parameters besides height are highly related to above-ground biomass and will
improve above-ground biomass estimate. Field data analysis shows that above-ground
biomass for each individual tree and at the plot level is closely related to woody volume
and wood density, depending on vegetation type (conifer/softwood or
deciduous/hardwood forests). Woody volume at plot level is best approximated by the
product of basal area and top 10% tree height. Our study indicates that using woody
volume and vegetation type rather than tree height alone has the potential to improve

biomass estimates.

This result concurs with previous allometric equation-based biomass studies by Pilli
et al. (2006); Zianis and Mencuccini, (2004) and Chave et al. (2005). Their studies found
that above-ground biomass is closely related to woody volume and wood density.
However our analysis method is different from theirs. Previous analysis calculated the
statistics based on individual tree. Our analysis calculates the statistical tree structure
parameters first and relates above ground biomass with tree structure statistical
parameters at large scales. For example, our woody volume at plot level was
approximated as the product of mean basal area and top 10% tree height. A similar study
at plot level (Chave et al. 2005) did regression analysis to relate biomass with DBH and
height for each individual tree.

Previous airborne lidar analysis found that RH50 is a good predictor of above-

ground biomass (Drake et al., 2002a; 2003). Our LVIS data analysis shows that structure
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parameters combining canopy height and gap fraction such as RH100*cover and
RH50*cover perform similarly or even better than RH50. High correlations between
these structure parameters with woody volume, particularly for conifer forests explain
why they are good predictors of above-ground biomass. High correlation between RH50
RH100*cover suggests RH50 is a better predictor of biomass than RH100. Above-
canopy lidar does not provide a direct measure of woody volume, however structure
parameters that combine height and gap fraction, such as RH50, RH100*cover and
RHS50*cover are highly related to woody volume, above-ground biomass can therefore
still be estimated with good accuracy from lidar data. Finaly our analysis also indicates
that lidar might not be so successful to identify biomass variations in deciduous forests,
which is consistent with what was discussed in Nelson et al. (2007). Future research is
necessary to confirm this finding.

Our field data analysis indicates that woody volume (estimated as the product of
vegetation height and basal area) is an excellent biomass predictor especially with known
dominating forest type to be either deciduous or coniferous forests. Forest type
information can be easily extracted from the existing land cover maps derived from
optical remote sensing data. Our study implies that fusion of lidar and optical remote
sensing will provide better above-ground biomass estimates than lidar alone.

Our result also demonstrates that a fully digitized hemispherical-scanning below-
canopy lidar like the Echidna® validation instrument (EVI) provides excellent woody
volume measurements, i.e. an accurate measure of above-ground biomass, particularly at

the stand level.

68



Further, allometric equations to derive above-ground biomass in this study were
derived in New England over flat areas. These equations can vary from site to site due to
difference in soil, climate and topography. The best approach would be using allometric
equations derived specifically for each site. However these equations are often not
available. The error associated with using one set of allometric equations for all stands
might lead to some bias in our relationship between biomass with structure parameters.
Our findings need to be further tested in other regions.

This study uses ground and lidar data collected over flat terrains. The relationships
between above-ground biomass and vegetation structure parameters are complicated by
adding topography (Lefsky et al., 2005; 2007; Hyde et al., 2005 and Harding et al. 2005).
Surface topography has been a known factor in above-ground biomass production
(Whittaker et. al. 1974). Uncertainties in LVIS height metrics estimates from lidar also
increase with terrain slope (Blair et. al. 2006). Correction of slope effect on height
metrics is required to derive accurate vegetation height structure parameters (Lefsky et
al., 2005; 2007; Harding et al., 2005, Hyde et al., 2005; Yang et al., 2009b and Lee et al.,
2009). Recent study in montane ecosystems indicates that above-ground biomass is more
closely related to RH75 than RH50 (Swatantran et al., 2009). This conclusion is different
from what was found in Drake et al. (2002a, 2002b and 2003). Topography might be a
factor for such a relationship. In montane regions, woody volume might be better related
to RH75 than RH50 as found in our study. Our future work includes assessing the
relationship between biomass and vegetation structure parameters over slope terrains by

adding the surface topography effect in above-ground biomass estimates from lidar.
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Finally, this study and previous work all indicate that deriving height based
allometric equations for above ground biomass estimate is possible. These types of
allometric equations will also be dependent on stand age (Ketterings et al., 2001; Pilli et
al. 2006; and Zianis and Mencuccini, 2004). Optical remote sensing on stand age (Song

et al., 2007 and Liu et al., 2008) may have to be fused with lidar remote sensing.
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Figure 3.1: Locations of our study sites (blue dots and black square) in New England and
sampling strategies, including 2003 stem map boundary and plot range (in circles) (top
square) and the spatial arrangement of 2007 field data (bottom square). The plot sizes are
20m/25m radius circles with Sm geolocation accuracy.
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Figure 3.2: Relationship between single tree species above-ground biomass with woody
volume (product of basal area (BA) and tree height (H)) for major tree species in the
northeastern US. BA and H are calculated with DBH ranging from 10 to 68cm with a 2

cm increment.
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Figure 3.3: Relationships between plot level above-ground biomass and different tree
structure parameters for all study plots in New England. Solid circles are deciduous plots

and hollow circles for conifer plots.
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Figure 3.4: Spatial relationship between LVIS footprint (hollow circles) and plot range
(solid circles). Plot level LVIS products were obtained by averaging LVIS data for
footprint centers located within a Sm radius circular centered at each plot center.
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Figure 3.5: Illustration of accumulated vegetation returns (Rv) and ground returns (Rg)
from a typical lidar waveform.
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Figure 3.6: Comparison of RH100 with ground measured tree height metrics (left panel:
top 10% mean tree height; middle panel: maximum tree height; right panel: quadratic
mean tree height) at three scales (Top panel: footprint level (0.03ha), middle panel: plot
level (0.12ha) and bottom panel: stand level (~1 ha)). Solid circles are deciduous plots
and hollow circles for conifer plots.
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for conifer plots) in New England.
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Figure 3.8: Relationships between plot level above-ground biomass with LVIS height
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for all study plots (solid circles for deciduous plots and hollow circles for conifer plots) in
New England.
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Figure 3.10: Comparison of EVI height with ground measured tree height metrics (left
panel: top 10% mean tree height; middle panel: maximum tree height; right panel:
quadratic mean tree height) at plot (0.12 ha) and stand (~ 1 ha) scales (solid circles for
deciduous plots/stands and hollow circles for conifer plots/stands) in New England.
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Figure 3.11: Comparison of LVIS and EVI vegetation heights, EVI measured with
ground based basal area (top two panels) and above-ground biomass with woody volume
measured by EVI or fusion of EVI and LVIS at the plot level (middle two panels) and the
stand level (bottom two plots) (solid circles for deciduous plots/stands and hollow circles
for conifer plots/stands) in New England.
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Chapter 4 Toward Operational Biomass Estimation

from Vegetation Canopy Lidar

4.1 Introduction

Many studies have shown the capability of vegetation canopy lidar in estimating
above ground biomass (AGB). Several airborne and spaceborne lidar systems have
demonstrated the ability to retrieve AGB over various biomes, including studies using
Scanning Lidar Imager of Canopies by Echo Recovery (SLICER, Blair et al, 1994) in
Cascade Mountain Range in Oregon and Washington States, U.S. (Lefsky et al., 2005a),
in Annapolis, MD, USA (Lefsky et al., 1999a); studies using the airborne Laser
Vegetation Imaging System (LVIS, Blair and Hofton, 1999) in La Selva (Drake et al.,
2002), White Mountain, NH (Anderson et al., 2006, Ni-Meister et al., 2009), and Sierra
Nevada, California (Hyde et al., 2005; Swatantran et al., 2010); and studies using the
spaceborne Geosciences Laser Altimeter System (GLAS) in Ciénaga Grande de Santa
Marta (CGSM) in Colombia (Simard et al., 2008), Quebec, Canada (Boudreau et al.,
2008), conifer forest in Oregon, USA, deciduous in Tennessee, USA, and Santarem, Para
State, Brazil (Lefsky et al., 2005b). On the global scale carbon storage, lidar remote
sensing will provide critical information from the new generation spaceborne lidar
systems, such as the second generation Ice, Cloud, and land Elevation Satellite (ICESat

IT) (http://nasascience.nasa.gov/missions/icesat-ii), and Deformation, Ecosystem

Structure and Dynamics of Ice (DESDynl) missions.
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However, current biomass estimation methods depend on empirical regression
analysis to determine the site specific relationships between lidar data and biomass. There
are more than 50 different lidar parameters have been used to estimate AGB (Nelson et
al., 2009). The general lidar-biomass retrieval approach including select optimal
parameter sets by step-wise regression analysis, neural network, or simply try-and-error
depending on the size of the parameter pool used. The choice of parameter(s) are found to
be site dependant, or more precisely, species, tree density, tree height and vertical
distribution, topography, etc are all factors. Since the optimal lidar parameter(s) to
estimate AGB changes by sites, the coefficients used in the biomass estimates are also
different. At global scale, a dense ground validation network will be required if current
methods were used to estimate AGB. A dense global ground calibration network is likely
too expensive to be practical. Future global lidar biomass mapping requires an
operational method that can provide good biomass estimates over a wide range of
vegetation conditions with limited available ground calibration data.

The most common way of estimating biomass from lidar is using the lidar height
metrics, such as RH100 and RH50. These lidar height metrics (RH100 or RH50) are
defined as the heights relative to ground (denoted as “RH”) at which accumulated
waveform energy reaches X% (i.e. 100% for RH100 and 50% for RH50. see Blair et al.,
2006 for detail). However, using a single height to refer biomass is somehow limited in
dealing with forest with different structures, because AGB is affected by several forest
structure parameters (as discussed in Ni-Meister et al., 2010). Drake et al. (2002a, b)
found that the height of medium energy returns (HOME or RH50) is better related to

AGB than the height at full energy returns (RH100). This is because RHI100 is
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determined solely by the height of the canopy top, but HOME/RHS50 is affected by both
canopy height, canopy structure, and the degree of canopy openness (Ni-Meister et al.,
2009). Using parameters that can respond to both canopy height and openness (e.g.
RH50) is particular important in the forests having highly variable canopy cover. For
example, our previous investigation in New England forests (Ni-Meister et al., 2010)
found that the AGB estimates from RH100 are similar to RH50 in forest stand with near
complete canopy cover. RH100, however, fail to predict AGB in the shelterwood plots,
where trees have been harvested in a series of narrow tracks, while RH50 still show
reasonable AGB predictability.

Being able to respond to both canopy height and openness, the HOME/RHS50 has
been widely used to estimate AGB. RHS50, however, fail to estimate biomass in the
Sierra National Forest, CA, where both vegetation structure and topography are highly
variable (Swatantran et al., 2010). Among standard LVIS height metrics (Blair et al.,
2006), RH75 was found to be the strongest biomass predictor (Swatantran et al., 2010).
The results indicate that neither RH50 nor RH75 is a universal lidar vegetation structure
parameter that can be applied for various vegetation and climate conditions for above
ground biomass estimate at large scales. Thus many studies use multiple regression
analysis to estimates the optimal lidar AGB parameter(s) from different lidar metrics, e.g.
RH100, RH75, RH50, and RH25 (Lefsky et al., 2005a, b; Drake et al., 2002). Variation
in optimal lidar-AGB parameter is likely due to each lidar parameter (height metrics)
only reflect some aspects of vegetation characteristics that is related to AGB. Past

studies have shown different lidar parameter(s) is/are sometimes used to fit the unique
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site configuration to improve AGB estimation accuracy (Drake et al., 2002b; Hyde et al.,
2005; Lefsky et al., 2005b; Nelson et al., 2009).

Lidar returns are the collective results of forest structures. Therefore, a lidar
parameter that better approximates forest structure characters should better relate to the
AGB. Lidar waveform records back-scattering energy intensity at each height interval as
waveform, which is affected by vegetation’s vertical and horizontal structure (Drake et
al., 2002b). For each height interval, the higher tree density should results in denser
canopy and lead to stronger lidar return. Thus the whole lidar waveform could be used to
approximate tree density at each measured height interval. Since AGB is highly related
to tree height, both height and the magnitude of lidar return are important in estimating
ABG.

The purpose of this study is to develop a lidar parameter better representing the
vegetation structure information that can be applied to estimate AGB at various biomes.
We will demonstrate and evaluate this using ground and LVIS data collected in three
different biomes, deciduous and coniferous forest in New England, USA, and Sierra
National Forest in California, USA. The performance of developed lidar biomass
parameter will be compared with lidar height metrics, which are commonly used to
estimate forest AGB. The paper is organized as follows: Section 4.2 and 4.3 describe the
sites and datasets. Section 4.4 presents ground and LVIS data processing and a lidar
biomass parameter that uses both height and gap fraction information in lidar waveform.
Section 4.5 discusses the evaluation results of our lidar AGB retrieval method by

comparing the relationships between standard lidar height metrics and our biomass
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parameter at various site configurations. Section 4.6 discusses the uncertainties of our

algorithm and with conclusions in Section 4.7.

4.2 Study site

Our study sites including conifer and deciduous forest stands in New England,
and Sierra National Forest in California USA (Figure 4.1).

New England data are collected from three intensive ecological study sites:
Harvard Forest (42°32'N, 72°11'W) in Massachusetts, Bartlett Experimental Forest
(44°06'N, 71°17'W) in White Mountain region, New Hampshire, and Ecosystem
Research Forest (45°12'N, 68°44'W) in Howland, Maine. This region is featured with
old-growth northern hardwoods with beech, yellow birch, sugar maple, and eastern
hemlock being the dominant species. Most of the forest is covered by high canopy where
sugar maple/beech/yellow birch dominates its upper canopy with maximum height
around 30 m (Filip et al., 1971).

The study site in Sierra National Forest (37°00'N, 119°10'W) lies along the
western slopes of the central Sierra Nevada in California, USA. The region has a
Mediterranean climate with elevations ranging from 853 to 2743 m (see Hunsaker et al.,
2001 for detail). Forests in this region are dominant by red fir, white fir, Sierra mixed-
conifer, ponderosa pine, montane hardwood-conifer and California black oak. Unlike the
New England forest, which is usually dense with lower variation in canopy heights, forest
structure is complex in Sierra sites and both canopy cover and tree height can varies
significantly. Tree height can reach 70-80 m and multi-layers canopy cover is common.

Forest biomass also vary significantly in Sierra Forest and it can reach more than 100
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kg/m” in Giant Sequoia stands; comparing to 10-30 kg/m* typically observed in New

England forest.

4.3 Data

4.3.1 Field data

Field data in New England were collected in 2003 and 2007 using 20-25 m radius
cycle plots. All live stems with a diameter at breast height (DBH) >= 10 cm were
inventoried with species information. The biomass is estimated using DBH based,
species-specific allometric equation (Jenkins et al., 2004), since tree height is only
measured for few selected trees. Detailed description of sites, dataset and biomass
estimation method can be found in Ni-Meister et al. (2010).

Sierra data were collected in 2008 using 33 by 33 m rectangular plots. Similar to
New England sites, all live stems with a DBH >= 10 cm were inventoried with species
information. Additionally, top and bottom crown heights were also measured. Since tree
height is measured, we estimated biomass using species-specific allometric equations
based on both DBH and tree height from the USDA Forest Service (Waddell and

Hiserote, 2005) for better accuracy.

4.3.2 LVIS data

The Laser Vegetation Imaging Sensor (LVIS) is a large footprint waveform
digitizing, scanning laser altimeter, designed, and developed at NASA’s Goddard
Space Flight Center (See http://lvis.gsfc.nasa.gov/; Blair et al., 1999). The LVIS’s

vertical sampling resolution is 30cm (1ns). The sensor view angle and footprint sizes
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(diameter) can typically vary between 0 to 12 degree and 10 to 25 m respectively,
depending on the relative location of ground target and flight path and altitude.

LVIS data over the New England sites were collected in the summer of 2003 with
an estimated 3-5 degree field of view. Data over the Sierra National Forest were
collected in the summer of 2008. Four flight paths were collected with various degree of
field of view. We used the data collected from the near-nadir viewing data (collected in
day 1), which has estimated 0-5 degree field of view over the sample sites. Both data
collected in New England (2003, 2007) and Sierra National Forest (2008) has footprint

size of 20 m.

4.4 Method

4.4.1 Field data analysis

Plots data were selected to cover wide variety of canopy and topography
conditions to investigate the impact of vegetation structure and topographical relief on
lidar-AGB relationships. A total of 69 plots were collected, 48 in New England study
sites, and 25 in Sierra Forest. In Sierra dataset, 4 plots data were excluded because no
quality lidar data were found within the plot, leaving 21 suitable for analysis.

Table 4.1 shows the summary of plot structural parameters. It shows AGB,
canopy cover and slope varied significantly among New England’s deciduous and conifer
dominated stands and Sierra Forest. In New England’s deciduous dominated plots, AGB
and canopy cover are generally higher and have lower variation comparing to conifer
dominated plots. Part of the reasons that AGB and canopy cover varies more in conifer

plots is due to shelterwood plots (5 of them), which their AGB and canopy cover is
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roughly halved from recent harvest. Terrains in New England plots are mostly flat with
the highest within plot slope reaching only 5 degree.

Plot structural parameters in Sierra plots are highly variable. AGB, slopes and
canopy cover all show larger variation than those in New England plots. Slopes are
significant for most plots. Canopy covers are not as high as New England plots. In fact,
few Sierra plots have very low canopy cover (less than 25%) as opposite to New
England, where most plots have high canopy cover. Mean AGB (28.94 kg/m?) in Sierra is
only slightly more than the mean of deciduous plots in New England; however, the range
(7.04 — 59.4 kg/m®) is much larger than New England plots.

In summary, New England plots are flat, have high canopy cover and low
biomass variation especially in deciduous dominated plots. Sierra plots have high

variability in AGB, canopy cover, and slope, and canopy cover is not very high.

4.4.2 LVIS data processing

To extract lidar vegetation structure parameters for each plot, LVIS waveforms
within the plot were first aggregated to create a single normalized waveform at plot-level.
This method is different than what we used in previous investigation (see Chapter 3.7 for
detail), which LVIS parameters are calculated at footprint-level then averaged within
each plot. Aggregating waveforms is more complicated, but can reduce uncertainty
introduced by averaging method. In our New England sites, where vegetation structure is
more homogeneous within the plot, the expected bias is small between the values
produced by these two methods because the LVIS waveforms (metrics) within each plot
have similar shape (values). However, in Sierra site where forest structure can be highly

heterogeneously distributed within the plot, the mean value of lidar metrics can be
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different, depending on which averaging method is used. Calculation using aggregated
waveform can reduce uncertainty since lidar metrics is estimated from a single waveform
representing the overall vegetation structure in the plot.

To get the plot-level LVIS waveform, we first selected the corresponding LVIS
data for each plot using an area slightly larger than plot range to compensate some
geolocation uncertainty. LVIS footprint centers within Sm of plot range were selected.
For each waveform, the vertical gap fraction distribution (dp/dz) was derived by
normalized waveform with the assumption of equal ground-crown reflectance ratio (Ni-
Meister et al., 2001). The vertical gap fraction distribution (dp/dz) for each waveform is
aggregated at each height and normalized to approximate the plot-level vertical gap

fraction distribution, or,
1 N

dp(z)/dz = Fde(z)i / dz 4.1)
i=1

where dp(z)/dz is the normalized (plot-level) gap fraction at height z, dp(z); is the gap
fraction for /" LVIS waveform at height z, and N is the number of LVIS data within plot
range.

Lastly, we used the aggregated plot-level LVIS gap fraction to develop lidar

biomass index and calculate lidar height metrics (RHO to RH100) for the analysis.

4.4.3 Lidar Biomass Index

The lidar returns, or waveform, can be used to indicate crown coverage at each
height (Figure 3.1). Since the crown have few general shapes, lidar return at height (z)
can be use to associate tree density at that particular height. For individual tree, above

ground biomass is proportional to tree height (Agee, 1981; Chave et al., 2005), and the
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biomass within a lidar footprint is the sum of all trees. Therefore, a summation of height
adjusted lidar return intensity should produce a parameter better approximate AGB.

It is worth to note that above ground lidar waveform is corresponding to foliage
profile, which itself contains two pieces of information, the amount and height of foliage.
Integrating lidar waveform without height can not produce a good biomass parameter
because if such relationship exists, tall and short tree will have the same biomass if their
crown size is the same. In the study by Lefsky et al. (1999b), he defined a lidar
parameter, quadratic mean canopy height (QMCH), as the square root of the summation
of the product of the canopy height profile attributes and each element’s squared height.
He explains the weight (squared height) on canopy height profile as a factor that is
proportional to the size of the tree required to support canopy at such height (Niklas
1996). The results confirm a weight, proportionally to height, is needed if multiple lidar
canopy height returns were to use for AGB prediction.

We propose a lidar parameter, Waveform Weighted Index (WWI), defined as the
summation of the product of the canopy gap distribution and each element’s squared
height. This parameter is similar to QMCH in Lefsky et al. (1999), but it uses the vertical
gap profile instead of canopy height profile. The reason for such modification is because
vertical gap information is readily in lidar waveform, but the process in deriving canopy
height profile from lidar could subject to uncertainties, such as clumping factors. WWI

can be described as,
w_ first

WWI = [(dp/dz)*z*dz (4.2)

w_end
where dp/dz is the gap fraction vertical distribution derived from lidar waveform, z is the

lidar return height relative to ground, w_end is the last detectable return (the bottom of
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ground return), w_first is the first detectable return (top of the canopy return). Since z is
the height relative to ground, bellow ground waveform returns are integrated as negative
values to negate the above ground portion of ground returns.

In Eq. 4.2, height (z) is squared to approximate its relation with AGB, which is
usually a power function (Agee, 1981; Chave et al., 2005). Our analysis found power of
~2 produced the best site independent WWI-AGB correlations. However, during our
analysis (not show here), the optimal power function is slightly deviated from 2 for site
specific data. This suggests the power function is likely associated with site
configuration, i.e. species composition, canopy openness, and topography. In this study,
we did not attempt to fine tune the power function, instead, the focus is on finding the
base and the more general form of lidar biomass parameter. Therefore, the square term is

used for all study sites.

4.5 Results

To evaluate the performance for estimating above-ground biomass, we compares
the above-ground biomass estimate using this index with the field measured above-
ground biomass and using other commonly used lidar height metrics. In the end, we
analyze the relationships between WWI, ABG and height profile (RHO to RH100) to

understand the physics of our index.

4.5.1 WWI vs. AGB

The regression analyses between WWI and AGB (Figure 4.3) shows that the
correlations are good and consistent over sites (R?=0.75-0.83, RMSE=2.5-7.5). More

importantly, the WWI-AGB relationships described in regression equations coefficients

92



(Table 4.2) are very similar among New England, Sierra, and the combination of both.
The consistent WWI-AGB relationships derived from field plots in different forest types
indicates there are some general relationships exist between WWI and AGB for the forest
types investigated in this study. The scatter plot of WWI and AGB using all plots (CA +
NE in Figure 4.3 right panel) shows that there is some degree of separation between
Sierra and New England data. This is partly caused by the site specific configuration
which indicates slightly different relationships between WWI and AGB.

The correlations strength between AGB and WWI is similar to those achieved by
RH75 (Table 4.2), however, regression coefficients in WWI-AGB are much more stable
than those in RH75-AGB. The stability in regression coefficients for WWI based
biomass models indicates WWI parameter likely capture the core element in vegetation
structure relating to AGB.

Table 4.2 also shows the regression statistics of AGB and standard lidar height
metrics, RH50, RH75 and RH100. For New England sites, both RH50/RH75 shows
good correlations with AGB (R2 =0.83, 0.79, RMSE = 2.6 m, 2.9 m), and the correlation
for RH100 is slightly lower (R* = 0.68, RMSE = 3.5 m). This result is similar to our
previous investigation (Chapter 3); however the correlation strength is slightly different
because of different approach in deriving plot-level LVIS parameters.

Analyses using data from Sierra site and all sites show very different results than
those in New England (Table 4.2). AGB in Sierra site correlated poorly with RH50 R*=
0.38, RMSE = 11.8 m), and RH100 (R2= 0.33, RMSE = 12.2 m). However, RH75 shows
good correlation with AGB (R* = 0.8, RMSE = 6.7 m). RH75 also shows the best

correlation with AGB when all data were used for analysis. RHI100 is not strongly
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correlated with AGB (R*= 0.46, RMSE = 8.1 m) and no correlation was found between
RH50 and AGB (R*=0.07, RMSE = 10.6 m).

Comparing the lidar-AGB regression equations derived from different site (Table
4.2), regression coefficients varied significantly for RH50 and RH100. For RH75, the
regression coefficients are closer among sites; however, they are still not very stable. The
results indicate the relationships between AGB and lidar height metrics are site dependant
especially for RH50 and RH100. Therefore, the standard lidar height metrics is not
suitable for large scale study as calibration remain an important part of process to ensure

accuracy.

4.5.2 WWI vs. RH50/75/100

Figure 4.4 shows that a linear relationship exists between WWI and lidar height
metrics (RH50/75/100) having high correlation with AGB. In New England sites, linear
relationships were found between WWI and RH50/75 but RH100. The comparison
between WWI and RH100 (Figure 4.4 left panel) shows there is high RH100 variation
between WWI values of 50 and 150. On the contrary, there is lack of variation in RH100
when WWI is between 200 and 350. The results indicate RH100 is somewhat saturated
in high biomass plots, and could be over sensitive in the mid-to-low biomass New
England plots.

In Sierra site, WWI only shows correlation with RH75, which is the only height
metrics having high correlation with AGB (Table 4.2). Similar to New England plots,
RH100 seems to saturate when WWI is larger than 200. In addition, Figure 4.4 shows
the values of RH50 are very small or even negative due to the low canopy cover and high

slopes. The failure for RH50 to capture WWI is likely due to the very low values, which
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could be over sensitive small errors. Using combined dataset, the scatter plot (Figure 4.4
right panel) shows RH75 is the only parameters having clear relationships with WWI. In
addition, the plot shows two different groups for WWI vs. RH50/100, indicating two
different relationships between WWI and RH50/100 for New England and Sierra sites.
The analysis indicates RH100 and RH50 can be saturated or over sensitive to
errors in estimating AGB depending on the site configurations. And, a better fit between
WWTI and lidar height metrics seems to imply both parameters will be better correlated

with AGB.

4.5.3 RHs vs. WWI and AGB

Figure 4.5 shows the correlations of determination (R?) of all lidar height metrics
(RHO to RH100) with WWI and AGB. The RHx is the Lidar height relative to ground at
x% of accumulated waveform energy. The R” values for each RH number were
connected to show the correlation variation from RHO to RH100.

In New England sites, the correlation between RH and WWI are very high
between RH20 to RH98 (R* > 0.9). The correlations between RH numbers and AGB
show a very similar curve as high correlations can be obtained for any RH number
between 20 and 98. This is likely the results of simpler canopy structure and flatter
terrain in New England sites. Vegetation in New England sites are usually very dense,
has high canopy cover and low variation in vertical and horizontal structure. Therefore,
there is high degree of autocorrelation for heights at each accumulated lidar energy return
percentile (RH) above ground. The slight dip in correlation strength for the top lidar
height metric (RH100) is partly due to the uncertainty in determining first return (see

Section 3.7.2 for more discussion).
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In Sierra site, the correlation curve of WWI and RH numbers shows a sinusoidal
like curve. There are two RH number ranges with high correlations, RH5 to RH25 (R*=
0.6 — 0.75) and RH60 to RH80 (R? ~ 0.9). The correlations between RH numbers and
AGB shows similar curve but a more distinct peak around RH73 instead of a plateau
shows in WWI-RHs correlation curve. The results are likely caused by the complex
canopy structure in Sierra site, where each plot also varies in density, and slopes.

Similar analysis using combined New England and Sierra dataset shows
correlation curves of RH number vs. WWI or AGB that are very different than those
derived from individual site. Comparing to either New England or Sierra site, the
correlation curves derived using combined dataset shows a sharper single peak for both
WWI and AGB, indicating fewer lidar height metrics are good AGB indicators when
vegetation structure variation increases. The peak correlation for the combined sites (R?
= 0.78 at RH80) between RH numbers and AGB is very similar to that of New England
(R?= 0.83 at RH50) and Sierra (R*= 0.81 at RH73) (Table 4.2). The results indicate the
best single lidar height metrics can explain about 80% of AGB variation, and the optimal

lidar height metrics for estimating AGB is depending on vegetation structure.

4.6 Discussion

4.6.1 Lidar height metrics

Analysis in Section 4.5.1 shows both RH100 and RH50 fail to capture AGB
variation in Sierra site. RH100 is not an ideal AGB predictor because it only records top
canopy height which is not affected by tree density and can subject to large height

uncertainty on steep slope (Yang et al., 2010). Although RH50 is response to change in
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both vertical and horizontal structure change, large uncertainty can still occurred in low
density forest, where RH50 values are small. Since lidar waveform is known to have
tailing effects, making the bellow ground peak lidar energy return from ground slightly
larger than that energy return from above ground peak. The artificially inflated bellow
ground peak energy return will lower the height of RH50. The tailing effect on RH50 is
small in dense canopy, where ground portion of lidar return is small, i.e. in New England
sites. However, RH50 is close to 0 (ground height) in sparse canopy and the relative
change (%) caused by tailing effect will be significant. Similarly, the ground height
determination error will also have an amplified effect on the small RH50 values. Our
Sierra study site shows such an example, where many plots having RH50 values close to
zero and few are negative (Figure 4.4). Therefore, RH50 is not an ideal AGB predictor in
sparse canopy over sloped terrain, as shown in the Sierra site analysis.

It is worth to note that some degree of correlation was observed between AGB
and RH5 to 20 in Sierra site. Since canopy cover is not very dense in Sierra site,
accumulated lidar energy returns under 20% are mostly coming from ground, and the RH
are influenced by topography. In addition, because RH is defined relative to mean
ground height, most values for the low RH numbers are negative, and are negatively
correlated with AGB (in Figure 4.5, we show R?). The result indicates AGB in Sierra
plots is also related by topography. The topography effect on AGB is results of the
variation in the biological, hydrological, and climatic condition on tree growth (Whittaker
et al., 1974; Tajchman and Wiant, 1983). Therefore, in an undisturbed forest with similar
tree species composition and age, topography can affect AGB because the tree allometry

can be different on the slopes than on the flats.
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4.6.2 Lidar AGB parameter

It is worth to note that above ground lidar waveform is corresponding to foliage
profile, which itself contains two pieces of information, the amount and height of foliage.
Integrating lidar waveform without height can not produce a good biomass parameter
because if such relationship exists, tall and short trees will have the same biomass if their
crowns having the same size. In the study by Lefsky et al. (1999b), he defined a lidar
parameter, quadratic mean canopy height (QMCH), as the square root of the summation
of the product of the canopy height profile attributes and each element’s squared height.
He explains the weight (squared height) on canopy height profile as a factor that is
proportional to the size of the tree required to support canopy at such height (Niklas
1996). This is consistent with the WWI parameter where lidar derived gap fraction
(dp/dz) is multiplied by its height square to approximate the size of the tree.

Some uncertainties could be introduced by including ground return in WWI
calculation (Eq. 4.2). Lidar waveforms are known to have tailing effect (Harding and
Carabajal, 2005), which result in over-estimation of bellow ground portion of ground

returns. This error should be small in typical forests since the values of (dp/dz)-z" are

much smaller comparing to those from higher canopy returns. However, in forest stands
with very sparse vegetation covers and/or on high slopes, the uncertainties could be

significant due to stronger ground return and/or waveform tailing effect.

4.6.3 Lidar AGB Estimate at Large Scale

In Figure 4.6, the shape of RHs-AGB correlation curve changes over sites
indicating the correlation strength between AGB and lidar height metrics are site

dependent. Although the optimal lidar height metrics can explain roughly the same
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amount of AGB variation (similar R?), both the optimal lidar height metrics and
regression coefficients are site specific (Table 4.2). The results indicate in-situ data
remain an integral part of lidar-biomass application since lidar-biomass model needs to
be developed and calibrated for each site. The need for ground data will limit lidar AGB
retrieval within intensely sampled forests, which make it difficult for large scale
applications.

Table 4.2 shows Canopy Weighted Height (WWI) can explain about 75-83% of
AGB variation, which is close to the best lidar height metrics. This implies WWI likely
contains most AGB information in lidar height metrics. Since AGB has different degree
of association with most lidar height metrics, indicating a lidar AGB parameter
incorporating all lidar height metrics could be more robust. Furthermore, how to weight
each lidar height metrics based on its physical relation with AGB will be important in
formulating parameter having more universal response to AGB. In WWI calculation, the
height square is used to approximate the relationships between lidar height metrics and
AGB.

Comparing WWI to commonly defined lidar height metrics, RH100 can be seen
as a version of WWI parameter having weight = 1 at 100 percentile waveform height and
weight = 0 everywhere else; and RH50 is another special case of WWI parameter having
weight = 1 at 50 percentile waveform height and weight = 0 everywhere else. This
analogy offers one explanation why the single lidar height metrics is likely not
universally applicable to different biomes as each lidar height metrics only contain partial

vegetation structure information. For example, RH100 only depends on the detectable
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tallest tree height, which is not affected by other vegetation structures, i.e. canopy cover,
or tree density.

Although the heights of accumulated lidar energy returns in RH50 or RH75 do
reflect some aspects of vegetation structure, it is still not very robust. Take RH50 for
example, the same value can have different upper or lower canopy as long as the height
of 50% accumulated energy return is the same. The same RH50 height generated by a
few tall trees or many medium size trees could have different biomass. This is, however,
not a critical issue for sites having similar vertical vegetation structures (e.g. New
England sites), since the tree height, size distribution is similar. In this kind of forests,
lidar waveform return shapes will be similar, and the magnitude and height will likely
correspond to density and tree size thus AGB. This is the reason that parameters like
RHS50 (or HOME) has been shown to be a choice of lidar height metrics in estimating
AGB (Drake et al., 2002a) because in most studies, the field plots used for lidar-AGB
calibration are usually within similar structured forests. However, RH50 could fail to
capture AGB variation when the forest structure is highly heterogeneously distributed,
such as the Sierra site in this study. In large scale studies, the high variation in plot
vegetation structure is common as shown in this study when New England data are
combined with Sierra data.

In our previous investigation (Ni-Meister et al., 2010), RH100 * cover was shown
to be a good approximation of woody volume. The same principle is taken further in
WWI as gap fraction * height is calculated at each height interval before integration.
However, some uncertainties remain as the relationships between the crown shape/size

and tree size/AGB are species dependent and could also depend on other environmental
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factors. The variation in the characteristics of crown will affect the relationship between
lidar estimated tree density and height distribution. The woody density for different
species also varies slightly, and is not detectable by lidar. These are some of the reasons
to cause the small variations in the WWI-AGB regression equations (Table 4.2) among
different sites. To reduce such uncertainties in large scale studies, it is possible to
categorize vegetation into several primary types, each having some general allometric
relationships among the tree crown, height, woody density, and AGB (Albini et al., 2006;
Jenkins et al., 2004; Waddell and Hiserote, 2005). The vegetation types can be obtained
from other forms of remote sensing data and WWI-AGB model can be calibrated

separately to improve accuracy.

4.7 Conclusion

Although past research has demonstrated the ability of lidar remote sensing to
retrieve above ground biomass (AGB), the relationships between lidar metrics and AGB
has been site dependent, both for optimal metrics and their relationships with AGB. In
this study, we found that by integrating height adjusted energy intensity from lidar
returns, a single parameter can be use to estimate AGB over a wide range of conditions
(i.e. deciduous and coniferous forest in New England, Sierra National Forest’s complex
structured forest and terrain, and the combination). The WWI parameter consistently
predicted AGB in high accuracy (R* ~ 0.8). More importantly, the WWI-AGB model
coefficients are very stable over sites. Comparing to commonly used lidar biomass
metrics (RH50/HOME, RH75 and RH100) which showed less stable relationships with

AGB among different sites.
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The analysis of all lidar height metrics and AGB showed the shape of lidar height
metrics-AGB correlation curves are significantly different by site(s). The shape of
correlation curve is likely caused by vegetation and/or topography structure. The highest
lidar-AGB correlations are similar (~0.8) among sites, although the peak correlations are
achieved using different lidar height metrics. The number of lidar height metrics having
good correlation with AGB reduced when ground data contains larger vegetation and
topography variation. The results indicate the amount of AGB variation can be explained
by lidar height metrics is similar regardless of forest type, but the optimal lidar height
metrics varies and depends on the composition of vegetation structure.

The correlation curves of all lidar height metrics and WWI are similar to those
with AGB indicating close relationship between WWI and AGB. The amount of AGB
variation that can be explained by WWI is very similar to those achieved by the best lidar
height metrics. This indicates the WWI parameter likely contains most of the AGB
information available in lidar height metrics. As the optimal lidar height metrics changes
by site, the coefficients used to derive AGB are also different. Analysis of the AGB-
WWI regression equations derived using different dataset showed the variation in
coefficients are very small, much smaller than the AGB equations derived from
RHS50/75/100. The small deviation in regression coefficients are partly due to the
variation in vegetation types, which the relationships among tree crown, height, woody
density and AGB are different.

Because ground data required to develop site specific lidar-AGB relationships are
limited, the near stable relationship between WWI and AGB presents a step toward large

scale AGB retrieval using lidar remote sensing. More comprehensive studies in other
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forest types, e.g. tropical forests, savannas, boreal forest, are required to test the WWI
parameter and further develop operational lidar AGB retrieval method. As the new
generations of spaceborne, global coverage lidar systems, i.e. [CSat II and Dynesty, are
scheduled to be in orbit the next few years, an operational lidar AGB retrieval method

can potentially bring the global AGB mapping to a new horizon.
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Table 4.1: Sample plot structural summaries for all field data used in this study.

Slope® Canopy
plots AGB (kg/mz) (degree) cover®
New 15 deciduous  17.76-29.21 2.6-5.2(3.7) 0.93-0.97
England dominate (24.45) (0.956)
33 conifer 8.07-24.78 0.4-2.8(1.2) 0.4-0.96
dominate (14.77) (0.74)
Sierra 21 7.04-59.4 3.4-24.4 0.05-0.71
(28.94) (9.6) (0.40)

For AGB, slope and canopy cover, range and mean values (in the parenthesis) are

listed.

a: slope is derived from Nation Elevation Dataset

b: canopy cover is estimated from LVIS (Ni-Meister et al., 2010)
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Table 4.2: Regression equations for field-estimated AGB vs. lidar metrics.

X a b R? RMSE
New England (NE)

RH100 1.79 -22.0 0.68 3.5
RH75 1.53 -6.2 0.79 29
RH50* 1.30 1.60 0.83 2.6
WWI  0.068  6.15 0.83 2.5
Sierra (CA)

RH100 0.88 -10.0 0.33 12.2
RH75 1.25 4.96 0.80 6.7
RH50 1.23 23.1 0.38 11.8
RH73* 1.24 6.88 0.81 6.6
WWI  0.065 10.3 0.75 7.5
New England + Sierra (NE + CA)

RH100 0.62 3.03 0.46 8.1
RH75 1.4l -2.5 0.76 5.4
RH50 0.46 16.5 0.07 10.6
RH80* 1.37 -3.8 0.78 5.1
WWI  0.07 6.77 0.80 4.9

* Best correlated lidar height metrics
Regression equation:

AGB=aX+b
Where

AGB = total above ground biomass (kg/m2)

X = lidar metrics
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Figure 4.1: Locations of study sites.
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Chapter 5 Concluding Remarks

Globally, forests store vast pools of carbon and even small shifts in the balance
between photosynthesis and ecosystem respiration can result in a large change in the
uptake or emission of carbon dioxide (CO2) from forests to the atmosphere (Pregitzer
and Euskirchen 2004). Knowing the spatial-temporal distribution of vegetation structure
and biomass can provide a link between disturbances and changes in biomass, which is
important in understanding global carbon cycle (Houghton et al., 2005, 2009; Magnani et
al., 2007). Direct measurement of forest structure and biomass on the ground is time and
financially un-realistic at global scale. The possibility that vegetation structure and
above-ground forest biomass might be determined from space is a promising alternative
to ground-based methods (Hese et al., 2005, Nelson et al., 2009, Piao et al., 2009).
Among remote sensing methods, lidar is most promising in determining three-
dimensional vegetation structure and accurately estimate aboveground biomass (Frolking
et al., 2009; Hawbaker et al., 2009). Therefore, studies of how to improve lidar remote
sensing methods to estimate global forest structure and biomass are important at this
juncture.

The first aim of this dissertation was to assess the potential of using spaceborne
lidar (GLAS) data for large scale vegetation structure retrieval. Specifically, how to
correct the lidar height bias caused by topographical effect (Harding et al., 2005) and
whether the vegetation structure content from spaceborne lidar system (GLAS) is as
accurate as the LVIS, a proven airborne lidar system in characterizing vegetation
structure. Overall, GLAS data was found to contain vegetation structure similar to those

in LVIS; however, its accuracy can be affected by large noise and ground saturation.
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A simple geometric model was used to quantify the lidar height change with
respect to slope and footprint size and a correction scheme was developed. Then, I
validated the correction scheme by comparing GLAS and LVIS data collected in White
Mountain, NH, USA, with slope reaching 30 degree. The comparison of original GLAS
and LVIS shows a height bias that is strongly dependent on slope. Such relationships
concur with what is described in the geometric model. After applying the correction, the
difference between GLAS and LVIS height is independent of slope. However, further
analysis shows large disagreement between GLAS and LVIS height can be caused by tree
height distribution. The results indicate topography effect on lidar height can be
effectively removed given the slope and footprint size information, but the interpretation
of GLAS canopy height should be cautious especially when it were used to estimate
above-ground biomass.

In the second part of this dissertation, the relationships of how vegetation
structure and biomass changes with respect to lidar derived metrics at various scales were
examined. For this, stem inventories and ground lidar data collected from three intensive
study forests in New England during summer of 2007 field campaign were utilized in
conjunction with airborne lidar data collected in summer of 2003. In order to understand
the relationships between vegetation structure and lidar metrics, vegetation structure were
estimated using several different methods and the comparison were done in three
different spatial scales (lidar footprint, plot and stand level). Lidar metrics associated
with vegetation structure parameters found to be linked to aboveground biomass was then
used to test the potential of improving the above-ground biomass estimate. The results

presented in this dissertation suggest reasonable lidar response to vegetation structure
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variations but lidar height metrics representing a slightly different meaning at different
scale.

Analysis of above-ground biomass and vegetation structure at plot scale showed
knowing woody volume and vegetation type has the potential to improve biomass
estimates from height alone. Although such allometric relationship is known at
individual tree level, the main contribution is to extend such relationship at scale that
vegetation lidar normally operate. Both woody volume and vegetation type can not be
directly measured by above-canopy lidar. However, it is possible to approximate woody
volume from the combination of height (RH100) and gap fraction (canopy cover)
parameters or a single structure parameter (e.g. RH50) that contains both information. In
New England sites, RH50 has almost linear relationship with RH100*cover indicating
RH50 is a good approximation of both height and gap fraction composition in the forest
stand. Comparing to woody volume and biomass, both RH100*cover and RH50 showed
high correlation. The results indicate the forest above-ground biomass can be more
accurately estimated from lidar metrics resembles woody volume. In New England’s
forest, RH50 was shown to be the best parameter, however, the optimal lidar metrics
could change depending on forest type and topography.

The third part of the study was to develop a more general method so that biomass
can be retrieved by lidar at large scale with limited ground calibration. Particularly, how
to derive a lidar parameter that has more universal responses to biomass variation in
different biomes was discussed. In earlier part of this dissertation, I had presented results

showing that forest stand woody volume can be estimated using the product of lidar
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canopy height and cover. Taking this concept further, I formulated a lidar biomass index
(WWI) by integrating height adjusted energy intensity of the full lidar waveform.

I analyzed the lidar biomass models based on WWI and other lidar height metrics
in three different biomes. The analysis showed ~80% of above-ground biomass variation
can be explained by lidar height metrics based model, but the optimal model depends on
site’s vegetation and topography characteristic. WWI based models are about as accurate
as models based on the best lidar height metrics. More importantly, the regression
coefficients in WWI based models only varied slightly and are partly caused by
vegetation type and topography. The results indicate the WWI parameter likely contains
most biomass information available in lidar height metrics, and forest type and
topography only has minimal impact on it.

With the next generation global lidar missions, ICESat-II and DESDynl, are
scheduled to launch within the next few years, a new era will soon begin in the three-
dimensional remote sensing of the Earth system

(http://nasascience.nasa.gov/missions/icesat-ii). Until then, the continuing efforts of

understanding lidar sensed vegetation structure information will provide knowledge
necessary for future global vegetation structure and biomass mapping missions. The new
generation sensors are expected to provide improved quality and dramatically increase
sampling density, which can reveal the Earth surface’s three-dimensional structure in the
unprecedented detail. Such information will reduce uncertainties in terrestrial carbon
estimates and improve our understanding in global carbon cycle. The results can then be
turn to better, more effective, coherent efforts among countries to mediate anthropogenic

effects on global climate change.
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