Lund University GEM thesis series nr 15

A multi-scale based method for
estimating coniferous forest
aboveground biomass using low
density airborne LiDAR data

#:,.{&M

Jialong Duanmu

2016

Department of Physical Geography and Ecosystem Science
Lund University

Sdlvegatan 12

S-223 62 Lund

Sweden

o LUND @ UNIVERSITY OF TWENTE.

UNIVERSITY




A multi-scale based method for
estimating coniferous forest
aboveground biomass using low
density airborne LiDAR data

by

Jialong Duanmu

Thesis submitted to the department of Physical Geography and Ecosystem
Science, Lund University, in partial fulfilment of the requirements for the
degree of Master of Science in Geo-information Science and Earth
Observation for Environmental Modelling and Management

Thesis assessment Board

First Supervisor: Dr. Abdulghani Hasan (Lund University)
Co-supervisors: Professor. Petter Pilesjo (Lund University)

Exam committee:
Dr. Per-Ola Olsson (Lund University)
Dr. Harry Lankreijer (Lund University)



Disclaimer

This document describes work undertaken as part of a program of study at
the University of Lund. All views and opinions expressed there in remain
the sole responsibility of the author, and do not necessarily represent those
of the institute.

Course title: Geo-information Science and Earth Observation for
Environmental Modelling and Management (GEM)

Level: Master of Science (MSc)

Course duration: January 2016 until June 2016

Consortium partners:

The GEM master program is a cooperation of departments at 5 different
universities:

University of Twente, ITC (The Netherlands)

University of Lund (Sweden)

University of Southampton (UK)

University of Warsaw (Poland)

University of Iceland (Iceland)

Cover image:
(CHM model with local maximum height points from high density LiDar data)






Abstract

Forest biomass acts as an important indicator of carbon resources in terrestrial system.
Estimation of forest biomass enables a straightforward measurement of carbon storage
and provides initial values for process-based carbon cycle models to simulate carbon
dynamics. LIDAR (Light Detection and Ranging) remote sensing is increasingly used
to estimate forest biomass because of its ability to detect the structure of forest.
However, it is still not adequately studied from a viewpoint of multi-scale.

This study is a new attempt for the application of multi-scale theory in forest
aboveground biomass (AGB) estimation based on low density LIiDAR data (less than 1
point/m?). The study area is located in Krycklan catchment which is approximately 50
km northwest of Umed Sweden. A method based on local maximum height point
identification and downscaling calibration is provided. By implementing local
maximum elevation extraction and visualization of aerial images, an algorithm directly
based on point cloud data is designed. This algorithm retains more details of the LIDAR
data and therefore provides better results. Two calibration look-up tables are provided
to approximate the forest AGB derived from low density LiDAR data to the forest AGB
derived from high density LiDAR data (more than 1 point/m?). The error of
downscaling calibration in the test sample plot is of 0.28%, which proved validity of

the method applied.

Key WOrds: LiDAR, remote sensing, aboveground biomass (AGB), multi-scale,

downscaling, canopy height model (CHM), individual tree identification, coniferous

forest






Popularized Summary

Forest biomass acts as an important indicator of carbon resources in terrestrial
system. Estimation of forest biomass enables a straightforward measurement of carbon
storage and provides initial values for process-based carbon cycle models to simulate
carbon dynamics. Recently, LIDAR (Light Detection and Ranging) remote sensing, as
a surveying technology measuring distance by illuminating a target with laser light, is
increasingly used to estimate forest biomass because of its ability to detect the structure
of forest. However, it is still not adequately studied from a viewpoint of multi-scale.

Briefly, scale describes the resolution and extent in which the data is shown. Multi-
scale studies aim at analyzing the relationship between data in different resolution
and/or different extent. Multi-scale transform includes downscaling and upscaling.
Downscaling is to push down the scale from coarser spatial and temporal resolution
into more detailed information with finer spatial and temporal resolution while
upscaling is just the opposite. By implementing downscaling and upscaling, multi-scale
studies provide possibilities to understand the behavior of variables while changing
scale. For forest biomass estimation based on LIDAR data, most of the researches from
a viewpoint of multi-scale are about extent. However, the multi-scale based research
about resolution is rarely attempted.

This study is an attempt for the application of multi-scale theory in forest
aboveground biomass (AGB) estimation based on low density LIiDAR data (less than 1
point/m?). The study area is located in Krycklan catchment which is approximately 50
km northwest of Umed Sweden. A method based on local maximum height point
identification and downscaling calibration is provided. By implementing local
maximum elevation extraction and visualization of aerial images, an algorithm directly
based on point cloud data is designed. This algorithm retains more details of the LIDAR
data and therefore provides better results. Two calibration look-up tables are founded
from a viewpoint of downscaling which is widely applied in geomorphology study. By

inferring the result extracted from high density LiDAR data (more than 1 point/m?) with



low density LIDAR data, the forest parameter estimation accuracy based on low density
LiDAR data is improved.

The error of downscaling calibration in the test sample plot is of 0.28%, which
proved validity of the method applied. Furthermore, the calibration look-up tables can

be used directly in the further researches of the study area in the same situation.

Key WOrds: LiDAR, remote sensing, aboveground biomass (AGB), multi-scale,
downscaling, canopy height model (CHM), individual tree identification, coniferous

forest
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1. Introduction

1.1 background

Forest biomass acts as an important indicator of carbon resources in terrestrial
system (Le Toan et al. 2011). Estimation of forest biomass enables a straightforward
measurement of carbon storage and provides initial values for process-based carbon
cycle models to simulate carbon dynamics (Sessa and Dolman, 2008).

There have been different approaches applied for forest biomass estimation.
Traditionally, field measurements are the most accurate methods for estimation.
However, these methods are usually labor intensive and time consuming, and also
cannot provide the temporal and spatial distribution of biomass at large scales (Brown,
2002).

Through correlations between spectral information detected by remote sensing and
forest biomass, forest biomass can be estimated with large spatial and temporal
coverage. However, due to the complexity of canopy characteristics, it remains a
challenge to establish such correlations. Recently, LIiDAR (Light Detection and
Ranging) remote sensing is increasingly used to estimate forest aboveground biomass
(AGB) because of its advantage of detecting the structure of forest. However, it is still

not adequately studied from a viewpoint of multi-scale.
1.1.1 LiDAR based forest biomass estimation from a viewpoint of multi-scale

Conceptually, scale represents the ‘window of perception’, the filter, or measuring
tool with which a system is viewed and quantified (Hay et al., 2001). An important
characteristic of scale lies in the distinction between grain and extent. For raster data,
grain is equivalent to the spatial resolution of the pixels composing a raster data, while
extent is the total area that a raster data covers. Briefly, scale describes the resolution
and extent in which the data is shown. It is used in the context of space (geographic
scale), time (temporal scale) and many other dimensions of research (Goodchild and
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Quattrochi, 1997). Multi-scale studies aim at analyzing the relationship between data
in different resolution and/or different extent. As a scale changes, so do the associated
patterns and processes of reality. Multi-scale transform includes downscaling and
upscaling. Downscaling is to push down the scale from coarser spatial and temporal
resolution into more detailed information with finer spatial and temporal resolution
while upscaling is just the opposite. By implementing downscaling and upscaling,
multi-scale studies provide possibilities to understand the behavior of variables while
changing scale.

Like topographic map, LIiDAR data in each scale has its own meaning to achieve
different goals. Balanced by size, processing speed, accuracy and precision, LIDAR
processing at each specific resolution has its irreplaceable significance. By weighing
the pros and cons, decisions of spatial resolution selection are made before researches.
Through multi-scale analysis, researches in different scales are united as a system but
not isolated.

Multi-scale analysis based on LIDAR measurements are of great importance in
studies of biology, geomorphology, ecology etc. Multi-scale analysis using LIiDAR
measurements of canopy height is performed well to study the spatial scale of habitat
selection of riparian birds (Seavy et al., 2009; Hyde, 2006), or marine species (Pittman
and Brown, 2011; Zawada and Brock, 2009). Lidar data is also used to characterize and
monitor forest successional stages at different scales (Falkowski et al., 2009). Multi-
scale pattern analysis of LIDAR DEM (digital elevation model) could delineate the
morphometric characteristic of landform elements (Dragut and Blaschke, 2011). In
addition, Lidar is suggested as premier instrument for mapping biomass across broad
spatial scales (Clark et al., 2011; Asner et al., 2012). (Zhao et al., 2009) proposed two
scale-invariant models for estimation of forest biomass at a range of scales from
individual tree, plot, stand, local or even up to regional levels. Multi-scale drivers of
spatial variation in forest carbon density are studied with LiDAR and an individual-
based landscape level (Seidl et al., 2012).

For forest hiomass estimation based on LiDAR data, most of the researches from



a viewpoint of multi-scale are about extent (Cohen et al., 2013; Englhart et al., 2011;
Du et al., 2014). However, the researches in different resolutions are still isolated in

most cases. The multi-scale based research about resolution is rarely attempted.

1.1.2 The overview of forest aboveground biomass estimation method based on
airborne LiDAR data

Forest aboveground biomass estimation based on airborne LiDAR data has been
successfully attempted by many researchers. For forest biomass estimation based on
airborne LiDAR data, tree height is one of the most appropriate forest parameter that is
able to predict biomass estimate with an accuracy of approximately 85%
(Papathanassiou et al., 2005). After the identification of individual trees, tree height of
each individual tree is extracted. With the tree height-biomass model, the aboveground
biomass of each individual tree is estimated. By summing up the biomass of all the
individual trees in the study area, the forest aboveground biomass is estimated. For
boreal coniferous forest, as the tree height-biomass model is already built by former
researchers (Shendryk et al., 2014), the individual tree identification, tree height
extraction and the calibration of the extracted parameters becomes particularly
important. However, the most commonly used processing methods still have their
limitations.
1.1.2.1 Individual tree identification

In the previous works, two software algorithms has been most commonly used,
TreeVAW and Inverse Watershed Segmentation (IWS).

TreeVaw operates on a canopy height model (CHM) using a variable window filter
(VWEF) that varies its search window size (Falkowski et al., 2008; Popescu and Wynne,
2004), otherwise known as a convolution kernel (Jensen, 1996), determines a tree
location based on elevation data by passing a local maxima (LM) filter over the CHM
The highest elevation value is taken to indicate the tree apex based on the assumption
that surrounding pixels are assumed to represent laser hits of the same tree crown (Kini

and Popescu, 2004). When the filter determines a LM value, a tree’s x and y coordinate



location is identified and then the crown diameter is determined based on the allometric
relationship to height (Popescu, 2004; Kini and Popescu. 2004).

IWS is a combination of inversion and watershed segmentation. In the CHM, Each
tree in the forest was represented by a single local maximum and the pixels around of
the maximum should be assigned to the maximum (treetop) they most probably belong
to. After inversion, it is just like a hydrologic drainage basin. Watershed segmentation
is an algorithm designed for delineating the basins. It finds local minima in a grayscale
image and tries to assign each pixel of the image to a local minimum. All pixels
belonging to the same minimum were labeled with a unique value, forming a hydrologic
drainage basin. Following inversion, a watershed segmentation algorithm separates the
CHM into the equivalent of individual hydrologic drainage basins. This algorithm is
the most common method applied to determining locations of individual tree crowns
and raster crown diameter and height values (Ziegle et al., 2000; Edson and Wing, 2011).

Although both algorithms have been implemented by the former researchers, they
still seems to have limitations:

1.  Huge amount of field measurement is required to calculate the parameters
used by the algorithms. The main idea of these two algorithms are almost the same.
Briefly, for identifying an individual tree, a pixel with the maximum height in the local
area is extracted as the top of a tree. To acquire the area of this ‘local area’, Tree VAW
requires a width-height model of the tree structure while IWS requires a threshold
describing the minimum size of canopy. Both the width—height model and the minimum
canopy threshold needs field measurements of hundreds of trees to make them precise
and reliable.

2. Alot of details are lost while converting the LIDAR data to raster data. Both
algorithms are based on raster data. For both of these two algorithms, the LiDAR data
has to be converted to raster data while implementing pre-processing. By resampling
and interpolation, some of the data is lost, some of the data is created arbitrarily.
Furthermore, by implementing some filtering algorithm (e.g. smoothing), the reliability

of the data decreased again which leads to great error in process.



1.1.2.2 Tree height extraction

In the previous research, tree height is the elevation extracted by the coordinate of
the each identified tree in CHM. Although the airborne LiDAR based measurement of
elevation is with high accuracy, it shows a trend that there is always an underestimation
of the tree height in the previous research, especially for the tree height extraction based
on low density LIDAR data (less than 1 point/m?).
1.1.2.3 Calibration of the extracted parameters

Due to the high accuracy of airborne LIDAR measurement, the calibration of the
extracted data is rarely implemented. Based on high density airborne LIDAR data (more
than 1 point/m?), the biomass estimation can reach an accuracy of approximately 85%
(Papathanassiou et al., 2005). However, based on low density LIiDAR data, both
individual tree identification and tree height extraction shows a far greater error which
make the calibration necessary. The most commonly used calibration method is to build
a relationship to approximate the extracted parameters to the field data. However, it also
has its limitation. Field measurement is always restricted by labor, research fund and
accessibility. For instance, while estimating the forest biomass a few years earlier, a
field measurement seems not that reliable since the forest would grow in the gap years

which makes the field data not that representative for the truth.

1.2 Aims and hypothesis

This study is an attempt for the application of multi-scale theory in forest AGB
estimation based on low density LIDAR data. A method based on local maximum
height point identification and downscaling calibration is provided.

To overcome the limitations of the most commonly used software algorithms, an
algorithm based on local maximum height point extraction is provided. In this algorithm,
individual tree identification and tree height extraction are directly based on original
LiDAR point cloud data which retains more details of the raw data. The dependence of
field data based canopy structure model in the previous algorithms is avoided by the
following calibration of individual tree identification based on visualization of aerial

image.



A theoretical model is founded to analyze the underestimation of the tree height,
which influences the way tree height calibration is implemented.

Calibrations of the tree parameters are implemented by building relationships
between data in different scales. In order to implement the calibration of individual tree
identification, the relationship between the result from aerial image visualization and
the result from LIDAR data processing is built. In order to implement the calibration of
tree height extraction, the relationship between the result from high density LiDAR data
processing and the result from low density LiDAR data processing is built. The
calibration is therefore implemented by inferring a better result from the result of low
density LIiDAR data processing with the mentioned relationships. By implementing the
calibration from a viewpoint of multi-scale, field measurement is avoided, which makes
the forest AGB estimation of the forest in the past available.

All the calibration look-up tables derived from the processing can be used directly
by the researchers in the future study to make the forest AGB estimation based on low
density LIDAR data in the same situation much more accurate and flexible.

The aims in this study were:

To develop an algorithm based on local maximum height point extraction for
individual tree identification and tree height extraction using low resolution LIiDAR
data.

To develop a new method from the viewpoint of downscaling for the calibration
of individual tree identification and tree height extraction.

To establish a theoretical model to analyze the causes of the underestimation while
implementing the tree height extraction based on airborne LiDAR data.

To create calibration lookup tables that can be used by the further researchers while
dealing with the forest AGB estimation under similar conditions.

The hypotheses addressed in this study were:

The relationships between the extracted forest inventory parameters based on
different density LIDAR data can be built to infer the result of forest AGB estimation

based on high density LiDAR data (more than 1 point/m?) with the result based on low



density LIiDAR data (less than 1 point/m?) with an acceptable accuracy.

Algorithm based on local maximum height point identification directly can be
used to estimate the coniferous forest aboveground biomass using low density airborne
LiDAR data (less than 1 point/m?).

Downscaling calibration can be used to approximate the forest aboveground
biomass estimated from low density LiDAR data (less than 1 point/m?) to the forest

aboveground biomass estimated from high density LiDAR data (more than 1 point/m?).






2. Materials and methods

2.1 study area

The Krycklan catchment is approximately 50 km northwest of Ume& Sweden. The
climate is characterized by long winters and short summers. As measured from 1980 to
2008, the mean annual precipitation and temperature are 612 mm, and +1.7<C,
respectively, with an average runoff of 312 mm. Snow covers the ground for 168 days
on average, from the end of October to the beginning of May (1980-2007) (Laudon et
al., 2011).

10°0'0"E 20°0'0"E 30°0'0"E
1
650N Krycklan catchment FBSOI0IN
60°0'0"N- -60°0'0"N
55°0'0"N+ -55°0'0"N
Esri, HERE, DeLorme, Mapmyindia, © OpenStreetMap
contributors, and the GIS user communif ity
T T T
10°0'0"E 20°0'0"E 30°0'0"E
0 250 500 1,000 1,500 2,000 Kilometers

Figure 1 Map of the location of the study area

Over 87% of the Krycklan Catchment is covered by forests, mainly Scots pine

(Pinus sylvestris), spruce (Picea abies), and birch (Betula spp.) (Peralta-Tapia et al.,
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2015). The upper part of Krycklan catchment is mainly forested by conifer. Norway
spruce is the dominant tree species in low-lying areas while Scots pine is the dominant
tree species in upslope areas interspersed by mires and lakes. In lower part of the
catchment, although the conifer is still the dominant tree species, deciduous trees

becomes more common along the streams.

Considering different landscapes of forest and distributions of tree height, five
areas of coniferous forests without significant external disturbance during the period
from 2008 to 2010 (e.g. thinning, wild fire) are considered as the study area, Area 1 to
5 (Figure 1). Generally, trees with height great than 10 m are mostly seen in Area 2. In
Avrea 3, forest, with a wide bare ground inside it, are of relative equal height distribution.
There is a lake inside Area 4, which varies the landscape of forest in Area 4. Low trees
are quite significantly distributed in the Area 5, while high trees are around low

vegetation.

In this study, Area 1 is chosen to be the test area, while Area 2 to 5 are chosen to
be the training areas. After segmentation and evaluation, 4 sample plots from the test

area and 23 sample plots from the training areas are selected to be used in this study.
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Figure 2 Map of the study area

(The background map is from Swedish National Land Survey Dnr: 12014/00579)

2.2 Data

In this study, four types of data are used for implementing forest biomass
estimation, namely, high density LIiDAR data, low density LIDAR data, DEMs (Digital
Elevation Models) and aerial photographs. High density LIDAR data and aerial
photographs of the Krycklan catchment as part of the BioSAR 2008 campain (Hajnsek
et al., 2009) was performed on 5-6 August 2008, with the TopEye MKII system (S/N
425) that is mounted on a helicopter flying at an altitude of 500 m above ground level
for the main strips and 250 m above ground level for the cross strips (Persson and
Fransson, 2014). Approximately 70 km? were covered using an average density of
approximately 5 returns per square meter in the main strips and 15 return per square

meter in the cross strips. The aerial photographs are with a ground resolution of about
11



0.09 m. The coordinate system of both laser point data and aerial photographs used was
RT90, but the data were transformed to SWEREF 99 TM in order to match the other

data sources.

The low density LIDAR data is from the Swedish National Land Survey. A project
has been undertaken by Swedish National Land Survey since 2009, with the goal of
scanning entire Sweden in order to generate an accurate digital terrain model (DTM)
which, as only minor changes in the terrain are expected, should remain stable for the
foreseeable future (Owemyr and Lundgren. 2010). This airborne laser scanning is with
at least 0.5 returns per square meter and the average height error in all terrain types
(coniferous forest, grassland, etc.) is about 0.25 m. The coordinate system is SWEREF

99 TM. The low density laser data used in this paper were collected in October 2010.

A bare-ground DEM with 2 m resolution with an average elevation error of 0.5 m,
was generated from the ground elevation returns of the low density LIiDAR signals
using triangulated irregular network interpolation (Agren et al., 2015). The coordinate

system is SWEREF 99 TM.

2.3 Method

This section is divided into two parts. The first part is how to implement the
forest AGB estimation using low resolution LIDAR data with this algorithm and how
to improve the estimation with the given calibration look-up tables. The second part is

how the calibration look-up tables are derived.

2.3.1 Forest aboveground biomass estimation using low density LIiDAR data
2.3.1.1 Data preprocessing

In this study, all the correction for the data has been implemented by the data
provider.

Each point in the point cloud has a first return which represents the highest point
of the object in the certain coordinate. Before processing the data, all the LIDAR data

and DEM data needs to be converted into the same coordinate system in order to make
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the processing easier. The pre-processed LIDAR should be saved as ASCII files with 3
columns which contains the data of each point: the X-coordinates, the Y-coordinates,
and the elevation of the first return. The pre-processed DEM data should be ASCI| files.
2.3.1.2 CHM model extraction

Each point in the point cloud has a first return which represents the highest point
of the object in the certain coordinate. All the first return points constitutes the surface
of the land cover, which is called digital surface model (DSM). With elevation from
DEM data subtracted, data about the distance between the surface and the terrain can
be extracted. In the forest, this data is always regarded as the canopy height model
(CHM) (Naesset, 1997).

In this study, CHM is processed and stored in the form of point cloud data. The
ground elevation of each point in the LIDAR point cloud data is retrieved from the
DEM data based on its X-Y coordinate. By subtraction of the two elevation, the height
of each point would be extracted and stored in a matrix with its X-Y coordinates. For
detecting trees, all the ground points should be removed from the CHM. In this study,

all the points with a height less than 2m would be ignored as ground points.
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Figure 3 Procedures for CHM extraction

2.3.1.3 Calculating the local maximum level

Each point in the CHM has a height value which represents its height from ground
surface. If a point has a height value greater than any other points nearby, we would be
inclined to infer that it might be the most appropriate point to present the real top of the
tree it falls on. In order to identify the individual trees in the CHM data, a concept of
local maximum level is involved in this study. Local maximum level of a specific point
represents the radius of the maximum local circular region in which area the point has
the greatest height value. The rounded down radius (with the unit of meter) of the area
is recorded as an attribute called local maximum level. For all the points with a local
maximum level greater than 15, it is almost sure that they would represent the top of a

tree and do not need a much more detailed classification. To simplify the classification,
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for the point which has a local maximum level greater than 15, the local maximum level
is set as 15 arbitrarily to make them in the same class.

In this study, local maximum level is the basis of identifying an individual tree. To
get this value, each point in the LIDAR data would be tested in order to extract the
horizontal distance between itself and the nearest point which has a greater height value.

As shown in Figure 4 each point in the LiDAR data would be processed for its
local maximum level. In the first step, all the points with an absolute difference (along
X-Axis and Y-Axis respectively) less than 15m between itself and the current tested
point would be retrieved. These points will then be compared with the current tested
point to see whether its height value is greater than that of the current tested point. The
nearest higher point would be updated until all the other points in the Lidar data are
compared. The distance between the current tested point and the nearest higher point
will be rounded down and set as the local maximum level. The local maximum level
would be set as 15 if it is greater than 15. All the points with a local maximum level no
less than 2 would be filtered out as the local maximum height points. The height value
of these points will be regarded as the tree height of the corresponding trees if the trees

are correctly identified.
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2.3.1.4 Looking up local maximum point representativeness value in the look-up table

Due to the lack of data precision and the limitation of identification technique,
single tree identification is always a technical barrier (Edison and Wing, 2011).
Obviously, the number of the trees in practice is not as same as the number of the local
maximum height points. What can be concluded from the processing is these local
maximum height points represents these trees. To quantify this representativeness, a
concept of local maximum point representativeness is involved to implement the
calibration. The local maximum point representativeness describes how many similar
trees a local maximum height point represents in average. For instance, a point with a
local maximum point representativeness value of 0.9 means this point represents 0.9
trees in average with the same height. In this step, with the local maximum level and
the height value of a point, the local maximum point representativeness value is
retrieved in the look-up table for further use. What the table looks like and how the
table is obtained will be precisely elaborated in Section 2.3.2.1.
2.3.1.5 Tree height calibration

Tree height extraction usually causes great error. In this step, the tree height
calibration coefficients of each local maximum height point are retrieved from the look-
up table with its height and local maximum level. How the tree height calibration look-
up table is built will be precisely elaborated in Section 2.3.2.2.
2.3.1.6 Final Biomass estimation

For forest biomass estimation based on airborne LiDAR data, tree height is one of
the most appropriate forest parameter that is able to predict biomass estimate with an
accuracy of approximately 85% (Papathanassiou et al., 2005). The mostly typical model

for describing the relationship between tree height and AGB was described is a power
function of the form y =axx* (Mette et al., 2006), where y denotes the biomass, x

denotes the tree height, a and c are constants. The dominant species in the study
area is Norway spruce and Scot pine. As we are estimating the AGB of a forest in 2008,
field measurement is not possible which makes a detailed classification between

different coniferous species not available. In this study, all the coniferous forest biomass
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estimation will be calculated with the Norway spruce tree height-biomass model

(Shendryk et al., 2014):

AGB, . =0.1183x H2%® 1)

spruce

Where H denotes the height of tree.
Calibrated by the local maximum point representative value and tree height

calibration value, the final formula of forest AGB estimation is:

AGB =1 0.1183xC, x (H xC,)*** 2

Where C; denotes the local maximum point representativeness, C,, the tree

height calibration coefficient and H the tree height.

2.3.2 Derivation of the calibration look-up tables
2.3.2.1 Calibration of individual tree identification

Since the aim of this study is forest AGB estimation which sums the estimated
biomass of all the trees in the forest, the precise position of the misidentified trees is
not that essential. The emphasis of the identification calibration is to take all the
misidentified trees into consideration, and make a correction of the final estimated
biomass to make sure the biomass of the misidentified trees is taken into account
reasonably.

The concept of local maximum point representativeness is involved to enhance the
calibration. The Local maximum point representativeness value describes the number
of trees a local maximum height point represents. For instance, “the local maximum
point representativeness of a local maximum height point is 1.38” means that a point
with a specific height and a specific local maximum level represents there should be

1.38 trees with the similar height by the average.
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Figure 5 Procedures for calculation of local maximum point representativeness

Figure 5 is the flowchart of how local maximum point representativeness is
calculated. The shapefile of the local maximum height points would be stacked on the
geo-referenced aerial image for a visualized comparison.

All the points which doesn’t present the top of a tree will be detected by
visualization and ignored. As the tree height in the artificial forest usually presents a
trend of homogeneity, all the trees which are not identified would be approximately
regarded as a tree with the same height and same local maximum level as the nearest
local maximum height point. 8 height levels are set in this research for a further
classification. For each height level and each local maximum level, the number of the
local maximum height points and the number of corresponding trees detected by
visualization would be counted. The local maximum point representativeness would be
calculated with the formula:

NIocal_maximum_height_points

C.=
R N 3)

corresponding_trees_detected_by_visualization

Where C; denotes the representativeness, N means numbers.
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A look-up table for the representativeness would be produced then. The
representativeness would be displayed by different height level and different local
maximum level in the look-up table.
2.3.2.2 Calibration of tree height extraction

Limited by time, labor and research fund, it is not possible to calibrate the tree
height results to fit the tree height in practice directly in a large-scale with enough
samples. However, by building a relationship between the tree height data extracted
from high density LIDAR data and the tree height data extracted from low density
LiDAR data, far larger amount of data could be used as samples to produce a full-scale
tree height calibration look-up table.

In this section, the error of tree height extraction using LiDAR data is analyzed
theoretically. Supported by the theoretical analysis, a method based on downscaling
theory is designed. The relationship between the tree height data extracted from high
density LIDAR data and the tree height data extracted from low density LiDAR data is
built by weighted-piecewise pairing. A simplified piecewise linear regression is
implemented then to provide a calibration look-up table from which the coefficient for
tree height calibration can be retrieved by matching the height value of the local

maximum height point.

a. Theoretical model analysis

This section is about the relationship between the relative error of the tree height
estimation and the laser point density which supports the method of tree height
calibration.

To simplify the research, a theoretical model is built. The shape of a coniferous

tree is assumed as a cone approximatively.
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Figure 6 Tree height extraction model

In Figure 6, the red dot denotes a laser point on the tree. R denotes the radius of
the cone base while r denotes the radius of the circle paralleling to the cone base where
the laser point is on the boundary. H denotes the tree height while h is the vertical
distance between the point and the ground plain. For each specific laser point on the

canopy, there is:

H—h r

H R @

While implementing a tree height estimation based on LIiDAR data, a lot of laser
points falls on the boundary of the tree. The point with the greatest height value is
regarded as the representation of the tree top. The greatest h value is then regarded as
the estimated tree height. h is always smaller than H, that is why there is always an
underestimation while extracting tree height from LiDAR data no matter how high the

density of the laser points is. The relative error of the estimation is expressed as:

H—h
5 — max
—a (5)

where § denotes the relative error, hmax denotes the maximum h value.
According to equation (4), since R and H is constant for a specific tree, the bigger
h is, the smaller r is. The point with the biggest h value has the smallest r value,

therefore:

5: max __ _min (6)

where rmin denotes the smallest r value among that of all the laser points.
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Assuming that there are n laser points on the cone, and r, is r measured from

point i. It’s easy to derive the distribution function of r, which is shown in Equation

(7) and Equation (8),

P <=+ xe[OR] @)

X2
R?’

P(r> %=1 x€[0,R] (8)

where X is less than or equal to R but not less than 0.
As all the r values are mutually independent, the probability of n points with their

r value greater than x is calculated as:

P(r>xi=1,2,n =(P(r >x))n:£ —%2}] : )

The probability of the minimum r, (i=12,...,n) with value less than x could

be derived by Equation (10):

2

X n
P(r,, <x) =1—(1—?j (10)

where minr, is the minimum value of r from n points.

The probability density function of rmin is shown below:

dP
f(x)= o (11)
According to Equation(6):
E(6)= E(FE”‘“) (12)

where E(rmin) denotes the expectation of rmin and £(J) denotes the expectation of ¢, Thus

E(0) could be calculated as Equation (12) — (15):

Er, )=, xT()ef * xdP[xfp =P g Hé—zjn d (12)
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From Equation (15), the relationship between E(9) and n is built.
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Figure 7 Distribution of E(6) and n where (E(9) denotes expectation of the relative error of the tree height

extraction based on LiDAR data while n denotes the number of the laser points on the tree

Figure 7 shows the relationship between E() and n, where E() denotes

expectation of the relative error of the tree height extraction based on LIiDAR data, n

denotes the number of the laser points on the tree. It can be easily seen that with n

increasing, E(d) has a decreasing property close to 0. It means that the estimated tree

height is getting closer to the truth when the number of the laser points on the tree

increases. It also suggests that estimated tree height with low density LiDAR data will

be closer to that with high density LIiDAR data when it turns to a bigger tree with more

laser points on the canopy.

Furthermore, since the relative difference between the tree height extracted from

the different density LIDAR data decreases monotonically with the size of the tree
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increasing, the processing method based on establishing piecewise linear correlations
between the tree height extracted from low density LIDAR data and high density
LiDAR data could be appropriate for tree height calibration.

b. Weighted-piecewise pairing

Before implementing the regression, the extracted tree height data from high
density LiDAR data and low density LiDAR data should be matched in pairs. However,
as the number of the detected trees from different LIDAR data might not be the same,
it is inappropriate to build the relationship by matching individual trees in pairs.

To solve this problem, a piecewise pairing weighted by local maximum point
representativeness is implemented, because no matter how accurate the individual tree

identification is, the proportion of the trees in each height level will not present much

heterogeneity.
Local maximum . . Local maximum .
height points of high G OLESE::;ZSIW height points of low Cr tl)lfDli‘al j:tnaSltV
density LIDAR data density LiDAR data
[ I
v
Data integration and sort the l
data with height
e Integrating data and then sort
the data with height
Calculating in order the proportion Segmentation and grouping
of length of segmented data to the data by intervals of height
length of original data before being
segmented i

Segmented data

matrixes with orders
y y (the lower height is,
the higher order is.)
Segmenting data following Matrix of the

the proportion in order i proportion /

Segmented data
matrixes with orders v

Pairing

l

Segmented data with
attributes of both low
density and high
density LiDAR data

Figure 8 Piecewise pairing process of low density and high density LiDAR data

As shown in figure 8, first, the tree height data extracted from low density LIiDAR
data is ordered and segmented by the height value. The number of trees (N ) of each

segmentation weighted by local maximum point representativeness will be calculated
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with the following formula.

N=> HxC, (16)
Where C_, means the local maximum point representativeness and H the tree

height.

The proportion of the number of trees for each segmentation data is also calculated
and recorded for further use.

To match the segmentations, the local maximum height point data extracted from
high density LIDAR data is also ordered by the height value. The tree number weighted
by local maximum point representativeness is then segmented by proportion of each
tree height levels in the data derived from low density LiDAR data. A pairing between

two sets of tree height data is implemented by the segmentation of height value.

c. Piecewise linear regression

In order to simplify the calibration, the tree height average of each segmentation
weighted by local maximum point representativeness is calculated. A subtraction is
implemented between each pair of segmentation. After that, a look-up table for tree
height calibration is built. The tree height calibration coefficient can be retrieved from
the look-up table with the height value of the local maximum height point derived from

low density LIDAR data.
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3. Results

In this section, the final calibration look-up tables and the forest AGB estimation
results will be presented. Both the result and some details about processing will be
displayed to make a better explanation. The accuracy assessment will be shown at last
to evaluate the effectiveness of the calibration for both the forest inventory parameter

and the biomass estimation.

3.1 The look-up table of local maximum point representativeness

Due to the time consuming manual identification of individual trees, only one
sample plot is chosen as the training sample plot from each of the four training areas
(Area 2 to 5). These four chosen training sample plots constitute the training data of
this look-up table.

As a reference to show the position and number of trees in practice, the aerial
images of the sample plots are well georeferenced by registration at first. The local
maximum height points and the corresponding trees detected by visualization are then
classified by height and local maximum level. All the local maximum height points
which doesn’t present the top of a tree will be ignored. All the trees which are not
identified would be approximately regarded as a tree with the same height and the same
local maximum level as the nearest local maximum height point.

The comparison between the distribution of the local maximum height points and
the distribution of the trees corresponding trees detected by visualization is shown in

Table 1.
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Table 1 Comparison of local maximum height points with corresponding trees in practice in training sample plots

(The fraction in the table is a form to compare the number of local maximum height points with specific local

maximum level and height with the number of corresponding trees in practice.

%
s,
(@1,%’;& 2 3 4 5 6 7 8 9 10 11 12 13 14 15
i (P
Height \ "% %,

4-6m 14124 1/0 0/0 0/0 0/0 0/0 0/0 0/0 0/0 00 0/0 00 0/0 0/0
6-8m 37/28 713 0/0 0/0 0/0 1/0 0/0 0/0 0/0 00 0/0 00 0/0 0/0
8-10m 58/42 14/21 712 0/0 m 0/0 0/0 0/0 0/0 00 0/0 00 0/0 0/0
10-12

81/79 38/25 16/13  2/0 412 1/0 0/0 0/0 0/0 00 0/0 00 0/0 0/0
m
12-14

127/101  93/102 47/53 17117 10111 211 3/0 0/0 10 10 00 00 00 0/0
m
14-16

137/145  111/115 65/66  40/48  48/45 25/22 10/15 10/13 4/6 11 1/1 0/0 0/0 3/6
m
16 -18

34/45 29/34 31/17  29/18  12/5 12/10  10/7 12/9 513 77 66 77 34 26/25
m
>18m 11/10  6/7 5/5 22 m 3/4 0/1 mn 22 2/2 0/0 1/0 0/0 11/5

The local maximum point representativeness is calculated by the formula. The

look-up table of local maximum point representativeness is shown in Table 2. To avoid

the bias caused by the lack of samples, the calibration is implemented only for the local

maximum height points with a sample size larger than 50.

Table 2 Look-up table of local maximum point representativeness

",oc
=y
. e_{%] 3 4 5 6 7 8 9 10 11 12 13 14 15
Height (x,,)(
e

4-6m 1 1 1 1 1 1 1 1 1 1 1 1 1 1
6-8m 1 1 1 1 1 1 1 1 1 1 1 1 1 1
8-10m 1.381 1 1 1 1 1 1 1 1 1 1 1 1 1
10-12m 1.026 1 1 1 1 1 1 1 1 1 1 1 1 1
12-14m 1.257 0.912 1 1 1 1 1 1 1 1 1 1 1 1
14-16m 0.945 0.965 0.985 1 1 1 1 1 1 1 1 1 1 1
16-18m 1 1 1 1 1 1 1 1 1 1 1 1 1 1
>18m 1 1 1 1 1 1 1 1 1 1 1 1 1 1

3.2 The look-up table of tree height calibration

All of sample plots from the training areas (Area 2 to 5) are considered as the

training sample plots for creating the look-up table of tree height calibration. The
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sample plots in Area 1 is considered as the test sample plots to evaluate the effectiveness
of the calibration.

The identified trees are classified by height. The sum of each class weighted by
local maximum point representativeness is shown in Table 3.

Table 3 Weighted sum of local maximum height points of low density laser points of training sample plots

Height Weighted sum
4-6m 578
6-8m 715
8-10m 1030
10-12m 1154
12-14m 1840
14-16m 2383
16-18m 2185
>18m 1069

Based on the proportion of each class and the local maximum point
representativeness look —up table of high density LIDAR data, a classification of local
maximum height points derived from high density LiDAR data is implemented then.
By calculating the number of trees in each corresponding class, the sum of each class
weighted by local maximum point representativeness is shown in Table 4.

Table 4 Weighted sum of local maximum height points of high density laser points of training sample plots

Height Weighted sum
4-6m 548
6-8m 678
8§-10m 977
10-12m 1095
12-14m 1737
14-16m 2260
16-18m 2073
>18m 1014

The tree height calibration coefficient (C,, ) is calculated by the Formula.17:

C H
CH :Z R_Iow>< low (17)

CR_high x Hhigh

Where Cg , and C; ., is the local maximum point representativeness of
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local maximum height points from low density laser points and high density laser points,

respectively, while H and H,, isthe height of local maximum height points from

low

low density and high density laser points, respectively. The look-up table of the tree
height calibration coefficient is shown in Table.5

Table 5 Calibration coefficient of tree height

Height Calibration coefficient
4-6m 1.035
6-8m 1.060
8-10m 1.039
10-12m 1.024
12-14m 1.006
14-16m 0.994
1618 m 0.990
>18m 0.993

3.3 Forest AGB estimation

All the sample plots in Area 1 constitute of the test sample plots which are used to
evaluate the forest AGB estimation.

The final forest AGB is calculated by the formula.1 (Shendryk et al., 2014) as
mentioned earlier. The estimated biomass of the test sample plots from low density laser

points is 3.926kg/m?.

3.4 Accuracy assessment

3.4.1 The accuracy assessment of the local maximum point representativeness
look-up table

Due to the time consuming manual identification of individual trees, only one of
the four plots in Area 1 is chosen as the test sample plot to evaluate the effectiveness of
the calibration. The local maximum height points with a local maximum level of 2 or

higher are distributed in Figure 9.
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Figure 9 Local maximum points derived from low density LiDAR data of the test sample plot

The tree number distribution weighted by the local maximum point
representativeness is shown in Table.6.

Table 6 Weighted sum of local maximum height points of low density laser points of the test sample plot

OCO
74

4 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Height “ ¢

Yoy
4-6m 2 0 o 0 1 o0 1 o0 0 0 0 0 1 0
6-8m 5 4 2 0 0 0 0 O 0 0 0 0 0 1
8-10m 10.14 6 3 0 1 0 0 O 0 0 0 0 0 0
10-12m 14.63 14 5 0 2 0 0 0 0 0 0 0 0 0
12-14m 25.45 32.90 9 13 2 1 0 0 0 0 0 0 0 0
14—-16m 22.23 4351 2742 13 14 7 5 3 3 5 1 2 0 1
16—18m 3 6 6 6 1 0 4 3 2 1 2 0 2 12
>18m 0 0 o0 0 0O 0 0 O 0 0 0 0 0 1
Sum 362.28

The tree number distribution in practice is investigated by combining the local
maximum height point data and visualization of the geo-referenced aerial image (Figure
10). In Figure 10, Red dots are local maximum points from low density LiDAR data,
while yellow circles denote crowns of trees that are visualized from aerial photograph.

Green lines denote links between crowns and supposed tops of trees. Although there’s
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significant offset of the tree tops after geo-referencing, it is still possible to identify
individual trees by visualization. The tree number distribution in practice is shown in

Table.7.

19°45"2"E 19°45'4"E 19°45'6"E 19°45'8"E

64°17'18"N-H

19°452"E 19°45'4"E 19°45'6"E 19°45'8"E
@ Local maximum height points

0 10 20 40 Meters Links

Crown
‘:‘ (by aerial photograph visualization)

Figure 10 Visualization of corresponding true trees of each local maximum height point of the test sample plot

Table 7 Distribution of the numbers of trees in practice of the test sample plot

(oca/
Tree ™\, 2 3 4 5 6 7 8 9 10 11 12 13 14 15
(@”@/
4-6m 2 0o 0o 1 0 1 o0 0 0 0 0 1 0
6-8m 5 4 2 0 0 0 o0 O 0 0 0 0 0 1
8-10m 14 6 3 0 1 0 0 O 0 0 0 0 0 0
10-12m 15 14 5 0 2 0 0 o0 0 0 0 0 0 0
12-14m 32 30 19 13 2 1 0 O 0 0 0 0 0 0
14-16m 21 42 27 13 14 7 5 3 3 5 1 2 0 1
16-18m 3 6 6 6 1 0 4 3 2 1 2 0 2 12
>18m 0 0 0O 0 0o 0 0 o0 0 0 0 0 0 1
Sum 367

Combining the tree number in each class of the table, a regression is made to verify

the effectiveness of the calibration. The accuracy of the calibrated number of trees in
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the test sample plot is 98.71%.
3.4.2 The accuracy assessment of the tree height calibration look-up table
In this section, all the sample plots in Area 1 constitute the test sample plot to

evaluate the effectiveness of the calibration. The calibrated tree height of the test sample
plot which is derived from the low density LIiDAR data will be compared with the tree
height extracted from high density LIiDAR data. The tree height average weighted by
local maximum point representativeness will be analyzed as the basis to verify the
effectiveness of the tree height calibration.

Calibrated by the tree height calibration look-up table and the local maximum
point representativeness table, the weighted average tree height of each height class is

calculated by the formula:

HxC
itgetd E% (18)

Where C, means the local maximum point representativeness and H the tree

Avg, .

height. The weighted average tree height of the corresponding classes extracted from
the high density LiDAR data is also calculated. The weighted average in each class and
the error compared with that derived from high density LiDAR data is shown in Table

8.

Table 8 Errors statistics of Weighted average tree height
(The errors statistics of weighted average tree height is made between calibrated low density LiDAR data and high
density LiDAR data. “Error” in the table is calculated by subtracting weighted average tree height derived from
high density LIDAR data from that from calibrated low density LIDAR data. “Fractional error” means the rate of

“Error” to weighted average tree height from high density LiDAR data.)

Height Calibrated low High Error Fractional error
4-6m 531 5.16 0.15 2.91%
6-8m 7.43 7.36 0.07 0.95%
8-10m 9.34 9.35 -0.01 -0.11%
10-12m 11.45 11.39 0.06 0.53%
12-14m 13.26 13.22 0.04 0.30%
14-16m 14.95 14.86 0.10 0.67%
16-18m 16.56 16.53 0.02 0.12%
>18m 19.07 19.10 -0.03 -0.16%

In order to evaluate the calibration, a regression model is made to verify the
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effectiveness of the calibration. From the regression model we could see the slope of
the fitted line is close to 1, the offset is close to 0 and the R2 is 0.9999, also close to 1,

which illustrates that the calibration performs well on the test sample plots.
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Figure 11 Evaluation of calibrated weighted average tree height derived from low density LIDAR
(“High”, y axis, denotes the weighted average tree height calculated from high density LIiDAR data, while
“Calibrated Low” the weighted average tree height from calibrated low density LiDAR data)
3.4.3 The accuracy assessment of forest biomass estimation
The biomass estimated from high density LIDAR data in the test sample plot is
3.915kg/m?, while from calibrated low density LiDAR data it is 3.926kg/m?. It is shown

that the error of downscaling calibration is of 0.28%.
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4. Discussion

4.1 Evaluation of the method

Comparing the calibrated number of trees with the tree numbers derived from
visualization, the accuracy of the calibrated number of trees in the test sample plot is
98.71%. Comparing the calibrated tree height derived from low density LIDAR data
with the tree height derived from high density LIDAR data, the fractional error of the
weighted average tree height in each height level is from 2.91% to -0.16%. Comparing
the calibrated biomass estimated from low density LIDAR data with the biomass
estimated from high density LIiDAR data, the error in the test sample plot is 0.28%. The
result shows that the method works well on the test sample plot. The relationships
between the extracted forest inventory parameters based on different density LIDAR
data can be built to infer the result of forest AGB estimation based on high density
LiDAR data with the result based on low density LIiDAR data.

However, what has to be considered is that only a few classes which contains more
data than the others in the height level-local maximum level table is calibrated. Due to
the limitation of labor and cost, the method is evaluated in only one test sample plot.
Whether it works well in other plots or other forest sites or not still needs to be verified
by further study. It is suggested that more samples in different forest sites should be

taken in the future to improve the application scope of the method.

4.2 The combination of point-cloud based identification and

downscaling calibration

Both the most commonly used forest AGB estimation algorithms, local maximum
algorithm with variable-size window (usually processed by TreeVAW software) and
IWS, are all raster data based algorithms. By converting LIiDAR data into raster data
and pre-processing (e.g. smoothing, interpolation), the reliability of data reduces. A lot
of details get lost, a lot of details are presumed arbitrarily. The elevation of the points

changes which caused the error of tree height extraction. Some nearby trees are even
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fused as one before identification. Compared with the raster based algorithms, point-
cloud based identification remains far more details and better accuracy of the LIDAR
data, which leads to a higher effectiveness of identification and tree height extraction.
However, more details brings more chances of misidentification, for which, a precision
guided calibration is essential. Compared with the calibration based on field data,
downscaling calibration contains larger amount of data with more diversity. A precisely
classified calibration table can be made to provide different calibration strategy for
different situation which fits the point-cloud based identification perfectly. This study
is a simplified attempt of the combination of the point-cloud based identification and
downscaling calibration. Further research about using this combination for LIDAR data

based forest inventory is highly recommended.

4.3 Validation method: Aerial image based visualization vs field work

In the planning stage of this study, both aerial image based visualization and field
work were considered for validating the individual tree identification. Field work with
GPS (Global Positioning System) is the most commonly used method for positioning.
The precision of GPS is always a technical barrier in forest inventory. Shaded by the
forest canopy, the accuracy of the GPS cannot be guaranteed, especially in the closed
forest where the precise tree position is needed to validate the identification. As is
attempted by (Shendryk et al., 2014) in the boreal forest of Skogaryd, Sweden, the
readouts of GPS accuracy varies from 4 m to 6 m, which cannot support the validation
of individual tree identification. Furthermore, as what is estimated in this study is the
biomass of a forest in 2008, the field measurement would also endure an effect of time
difference. In this study, although aerial image requires geo-matrix correction and
presents worse accuracy of positioning, it presents much more reliable topological
relationships of the ground features which effectively improves the identification of
feature clusters like forest, and provides an eligible result for validation.

However, the resolution of the aerial image is not high enough to distinguish small
trees, which limited the range of application. In this study, all the trees lower than 4m

is not investigated limited by the precision of validation. Better validation method is
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recommended in the further study.

4.4 The influence of the time difference among different datasets

Limited by the availability of data, data with time difference from each other has
been used to validate the method in this study. Some of them is from 2008 while some
of them is from 2010, which may have influenced the result of this study.

According to the theoretical model mentioned in Section 2.3.2.2, there should
always be an underestimation of tree height extraction theoretically. Compared with the
high density LIDAR data, low density LIDAR data should perform worse while
extracting the tree height due to the lack of point density. However, in the tree height
calibration look-up table, the calibration coefficients become less than 1 when dealing
with local maximum height points with a height value greater than 14m. This means
the extracted height value of the local maximum height points derived from low density
LiDAR data has a trend to be greater than that derived from high density LIiDAR data
in this interval. This phenomenon might be mainly caused by the time difference
between the datasets. During this gap, the trees grew higher which might lead to an
offset of the underestimated tree height while comparing the extracted tree heights in
different point density scale. The individual tree identification might also be affected to
become more approximate since trees becomes bigger and easier to identify, which may
improve the accuracy of the downscaling calibration. It is strongly suggested that
datasets with little time difference can be also tested in the further study to evaluate this
influence.

Due to the time difference, the calibration look-up tables in this study are only
reliable for calibrating the result derived from low density LiDAR data in 2010 to
approximate the result derived from high density LIDAR data in 2008. However, for
calibrating the data in different situation, the method of building the look-up table still

works.

4.5 About classification

In this study, the classification between Norway spruce and Scot Pine is not
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implemented. While implementing the biomass estimation, all the coniferous tree s are
considered as Norway spruce. In fact, there are still differences between the height-
biomass model of Norway spruce and Scot pine. Although it doesn’t influence the
accuracy assessment of downscaling calibration, it reduced the accuracy of the final
biomass estimation. As this study focuses more on tree top identification and tree height
calibration. How to implement the classification of the forest species and how to
enhance the biomass estimation with the classified forest is not studied in this thesis. In
the further research, better forest classification could be done to improve the method to
improve the accuracy and fit much more complex situation. The identification
algorithm and biomass estimation model of different species could be combined to
expand the scope of application. With better classification, the biomass-height model

of each specific species can be involved to enhance the accuracy of estimation.

4.6 About the processing speed

As is mentioned in Section 2.3.1.3, in order to narrow the range of searching, a for
loop is nested in another one, which increased the computational complexity of this
algorithm to O(n?). The speed of this algorithm is therefore not fast. Better data

indexing could be implemented in the future to simplify the algorithm.

4.7 About downscaling in LIiDAR processing

This study attempts to develop a calibration method for LiDAR data from a
viewpoint of downscaling. The main idea is building the relationship between different
scales but not calibrate the result to fit the field measured data in practice directly. Like
topographic map, the LiDAR data in each scale has its own significance to achieve
different goals. Mostly, the researchers have to make a balance of size, processing speed,
precision and accuracy. By weighing the pros and cons of different scale, different
researches are done. To make all the researches united as a system but not isolated, it is
suggested that a multi-scale view should be built in the future. This thesis can be
regarded as a start of this attempt. In the further research, relationship between other

different scales could be built, for instance, between SAR and airborne LIiDAR data,
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between airborne LIiDAR data and terrestrial LIDAR data, or even between some

processed scales that fits the standards built in purpose.
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5. Conclusion

This study provided a method for coniferous forest aboveground biomass
estimation using low density LiDAR data (less than 1 point/m?). An algorithm based
on local maximum point identification is developed, which processes point-cloud data
directly without converting the data to raster data. A calibration method is designed
from a viewpoint of downscaling. Two calibration look-up tables are provided to
approximate the forest AGB derived from low density LIiDAR data to the forest AGB
derived from high density LiDAR data (more than 1 point/m?).

The result shows that both the tree number calibration look-up table and the tree
height calibration look-up table work well in the test sample plot as expected. The
calibrated forest aboveground biomass derived from low density LiDAR data is highly
close to the forest aboveground biomass derived from high density LIiDAR data.

With respect to the first hypothesis, the relationships between the extracted forest
inventory parameters based on different density LIDAR data can be built to infer the
result of forest AGB estimation based on high density LIDAR data (more than 1
point/m?) with the result based on low density LiDAR data (less than 1 point/m?) with
an acceptable accuracy. With respect to the second hypothesis, algorithm based on local
maximum height point identification directly can be used to estimate the coniferous
forest aboveground biomass using low density airborne LIiDAR data (less than 1
point/m?).With respect to the third hypothesis, downscaling calibration can be used to
approximate the forest aboveground biomass estimated from low density LIDAR data
(less than 1 point/m?) to the forest aboveground biomass estimated from high density
LiDAR data (more than 1 point/m?).

The combination of point-cloud based identification and downscaling calibration
is convinced to be a nice match. Point-cloud based identification remains most details
of the LIiDAR data, which enhanced the identification and requires more precisely
guided calibration as well. With the great amount of samples provided by downscaling

analysis, a precision guided calibration becomes possible. It is highly recommended
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that this combination could be used by other researchers in the future.

A lot of further research could be done to improve the method. Species
classification and biomass models for more species could be involved to expand the
application scope of the method. Better data index could be designed to improve the
processing speed.

Above all, this study is an attempt to estimate the forest AGB with LIiDAR data
from a viewpoint of downscaling. Balanced by size, processing speed, accuracy and
precision, the LIiDAR processing in each scale has its irreplaceable significance. To
make all the researches united as a system but not isolated, it is strongly suggested that

a multi-scale view for LIDAR data processing should be built in the future.
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