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Abstract 

Forest aboveground biomass is of great importance for a better understanding of the global carbon 
cycle. Lidar (Light detection and ranging) remote sensing has proven to be a promising way of 
estimating forest canopy height, which has a strong relationship with forest aboveground biomass. 
However, forest type information is essential for a more accurate aboveground biomass estimation, 
due to the fact that forest biomass may vary considerably between different forest types, even when of 
similar height, density and age.  

Lidar emits a shot duration laser pulse, and records the time and amplitude of the backscattered laser 
energy reflected back from the Earth’s surface. The composite return form a large-footprint lidar, 
referred to as a lidar waveform, provides a finely resolved measure of the vertical distribution of the 
illuminated surface area within the footprint. However, no study have successfully built a relationship 
between lidar waveform profiles and forest types. 

In this study, the relationship between the lidar waveform characteristics and different forest types was 
further investigated, to achieve the goal of deriving forest type information from large-footprint 
spaceborne lidar. Fieldwork was conducted in the cool temperate forest of Northeastern China, in 
September 2007, which consists of a mixture of conifers and deciduous tree species. A full waveform 
dataset of the Geoscience Laser Altimeter System (GLAS) onboard the Ice, Cloud, and land Elevation 
Satellite (ICESat) with cloud-free profiles over the study area was acquired. 

The study developed a new method to extract the required forest type information from large-footprint 
lidar waveforms based on full waveform analysis. For this purpose, the raw waveform was 
decomposed into Gaussian components, and canopy return and ground return of the waveform were 
separated. Two types of metrics hypothesised to have relationship with forest types were derived. The 
first type of metric, R25, R50 and R75, is quantile-based metrics based on the vertical distribution of 
canopy return energy; and the second type, AGS, SGS and MSGS, are statistical characteristics based 
on the decomposed Gaussian components of canopy return part. Different combinations of the metrics 
derived were then used as input parameters in Support Vector Machine classification to find their 
relationship with different forest types. And the highest accuracy of 90.57% and Kappa statistic of 
0.7868 were achieved applying this method to separating broadleaved and needleleaved forests. 

The results showed that the first type of metrics, R25, R50 and R75, reflecting canopy vertical 
structure distribution failed to distinguish broadleaved and needleleaved forests. In contrast, the 
second type of metrics, especially metrics combination of AGS and MSGS, showed great promise in 
distinguishing the two types of forest. An overall accuracy of 90.57% and Kappa statistic of 0.7868 
was achieved using AGS and MSGS as input parameters in SVM classification. However, the metrics 
AGS and MSGS seem to fail to distinguish mixed broad-/needle-leaved forest from broadleaved and 
needleleaved forest. 

The result indicated that the decomposed Gaussian components in the lidar waveform can well mirror 
the characteristics of the reflecting Gaussian surfaces, in the forest sense, the layers of branches and 
foliage, which differ between broadleaved forest and needleleaved forest. Utilizing this feature of 
large-footprint lidar waveforms, the broadleaved and needleleaved forest can be successfully separated. 
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The study established a new way of deriving forest type information from spaceborne large-footprint 
waveform lidar, thus further extend the application of large-footprint lidar. 

Key words: Lidar, ICESat, large-footprint, full waveform analysis, Gaussian component, metrics, 
forest type, broadleaved forest, needleleaved forest, classification 
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1. INTRODUCTION 

1.1. Research Background 

1.1.1. Carbon and global climate change  

The average temperature of the earth’s near-surface and ocean has increased dramatically as compared 
to the historical data during the last decades which is referred to as global warming. Greenhouse gases, 
including water vapor, carbon dioxide, methane, nitrous oxide, and ozone, are believed to have played 
an important role in this global climate change (Patenaude et al., 2005; UNFCCC, 1997). The sunlight 
reaches the earth as short-wavelength and most are absorbed and warmed the Earth. In turn, the Earth 
emits long wave radiation back to the atmosphere. The greenhouse gases absorb a fraction of the 
energy and then emit long wave radiation both towards space and back to the Earth. The downward 
emitted energy further warms the surface of the Earth which resulting to more warming of the Earth’s 
surface. This so-called “greenhouse effect” process is increased by anthropogenic emission of 
greenhouse gases, a large portion of which is Carbon dioxide. 

Carbon dioxide (CO2) is considered as one of the most abundant greenhouse gases and a primary agent 
of global warming. It constitutes 72% of the anthropogenic greenhouse gases and cause 9-26% of the 
greenhouse effect (Kiehl and Treberth, 1997). Hence, several important international agreements, such 
as the United Nations Framework Convention on Climate Change (UNFCCC) which was signed in 
1992 (UNFCCC, 2002), and the Kyoto Protocol which was adapted in 1997 and entered into force on 
16 February 2005 after 55 Parties had ratified, address the issue of reducing emissions of 
anthropogenic greenhouse gas, especially CO2, into the atmosphere.  

1.1.2. Forest carbon stock and forest biomass assessment 

Forest ecosystems play an important role in global carbon budget because they are recognized as one 
of the largest reserves of terrestrial carbon (Figure 1-1). About 80% of all aboveground and 40% of all 
belowground terrestrial organic carbon are stored in forests (IPCC, 2001). Forests can influence 
climate change by affecting the amount of carbon dioxide in the atmosphere through natural (e.g., 
photosynthesis and respiration of plants) and anthropogenic (e.g. deforestation and aforestation) 
process (Brown et al., 1996; Dixon et al., 1994; Patenaude et al., 2005). During productive season, 
forest receives the solar energy and takes the CO2 from the atmosphere and stores it in plant biomass 
(Phat et al., 2004; Losi et al., 2003). When vegetation decomposes or disturbed by human or natural 
causes, carbon is released back to the atmosphere. For this reason, it is necessary to make the forest a 
carbon sink rather than source. 

Carbon sequestration in forest can be studied through the assessment of forest aboveground biomass 
(AGBM) (Aboal et al., 2005; Kraenzel et al., 2003; Laclau, 2003; Losi et al., 2003), because it 
accounts for the majority of the total biomass in the forest ecosystem and carbon is approximately 46% 
of all dry wood weight (DeGier, 2003) which is more generalized as 50% (Drake et al., 2002; IPCC, 
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2003). That is why a transparent reporting of forest removal and accumulation (biomass change) is 
required by the Kyoto protocol. 

What’s more, forests not only function as carbon stock, they are also of great importance in providing 
renewable raw materials and energy, maintaining biodiversity, protecting land and water resources 
(FAO, 2007). Quantification of forest structure characteristics (e.g., forest biomass) is essential to 
provide us with information to ensure sustainable forestry (Parresol and Bernard, 1999). For resource 
use purpose, it is important to know how much fuel wood or timber, thus how much biomass is 
available there. For environmental management purpose, it is important to assess the productivity and 
sustainability of forest by quantification of biomass. Thus, it is crucial to address acceptable methods, 
skills and terminology are important for accurately estimating the forest aboveground biomass at broad 
spatial scale. 

 
Figure 1-1 The global carbon cycle  

(Source: http://www.globalchange.umich.edu/globalchange1/current/lectures/kling/carbon_cycle/carbon_cycle.jpg ) 
 

1.1.3. Remote sensing application in forest biomass estimation 

Remote sensing provide us with a ideal tool in forest biomass estimation, for it is suitable for 
monitoring terrestrial ecosystems at various temporal and spatial scale. However, the conventional 
field measurement, through accurate (Lu, 2006), proved to be very costly and time consuming (DeGier, 
2003), which made it unrealistic in biomass estimation over a large spatial scale. Nevertheless, also in 
remote sensing-based biomass estimation, field measurement is needed for predictive modeling or 
validation purpose. 

Remote sensing techniques have been widely tested for land cover mapping and other forest 
applications since 1970s (Patenaude et al., 2005; Rosenqvist et al., 2003). It is useful for biomass 
estimation since there is an empirical correlation between forest biomass and the intensity of EM 
energy (or the ratio of energy at different wavelength) received by the instrument (Drake et al., 2002). 
Furthermore, remote sensing provides a timely, economic and systematic way (Sandra Brown, 2002; 
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Mickler et al., 2002) which can reduce uncertainties in a global forest biomass estimation (Dong et al., 
2003; ISPRS, 1999). 

Regarding remote sensing-based biomass estimation, passive optical remote sensing and Radar (Radio 
Detecting and Ranging) and the newly emerged Lidar (Light Detecting and Ranging) technique are 
assessed in the following two sections. 

1.1.3.1. Optical remote sensing and Radar remote sensing 

Two kinds of remote sensing techniques are widely used in forest biomass estimation before the 
emergence of lidar (Light Detecting and Ranging): passive optical remote sensing and radar (Radio 
Detecting and Ranging). Estimation of aboveground biomass using remote sensing are usually 
achieved by establish regression equations between field plot biomass and the remote sensing data 
(Austin et al., 2003; DeGier, 2003; Drake et al., 2002). However, these two types of remote sensing 
instruments suffer from the same problem: they are sensitive to altering in biomass in relatively young 
and/or homogeneous forests, but don’t work well in older or heterogeneous forests where signal 
becomes less predictable with respect to changes in biomass (Drake et al., 2002). 

The passive optical remote sensing relies on the solar illumination reflected from the outer canopy in 
the visible, near and middle infrared portion of the electromagnetic spectrum (~0.4 to 2.5 μm), thus 
only provide a two-dimensional view of the forest canopy. Spectral data will be related to biophysical 
attribute via vegetation indices such as NDVI, LAI, SAVI etc (Lefsky et al., 2001; Patenaude et al., 
2005). However, various studies have shown that the accuracy in deriving volume and biomass from 
passive optical data has been inconsistent and varied much from case to case (Patenaude et al., 2005), 
the cause of which was found to be the saturation of vegetation index, and cloud cover. In dense forest 
conditions, biophysical parameters, such as NDVI, will no longer increase linearly with of biomass. 
Meanwhile, external factors such as cloud cover also impose a strong influence on the spectral 
responses of forest canopies (Treitz and Howarth, 1999). 

Radar is a kind of active remote sensing system and is operated in the microwave portion of the 
electromagnetic spectrum (approximately 1cm to 100cm). It fires a pulse of microwave radiation to the 
ground and then detect and record the wave properties of the returned signal (the backscatter 
amplitude). Its advantage over optical remote sensing is its all-weather capability and not being 
impeded by cloud cover. SAR (Synthetic Aperture Radar) backscatter has been used in forest biomass 
estimation because longer radar wavelengths can penetrate the vegetation and interact with vegetation 
structure (Balzter et al., 2003; Rauste, 2005). The longer the wavelength, the stronger the ability of 
penetration into the canopy, and the more sensitive to volume and biomass (Rauste, 2005). The ability 
of SAR in forest biomass estimation has been investigated in various forest types, including pine 
forests (Castel et al., 2002; Rauste, 2005), coniferous forests (Dobson et al., 1992) and mixed 
deciduous and coniferous forests (Ranson and Sun, 1994) and better results were reported than passive 
optical remote sensing. However, the SAR signal also tends to saturate in dense forest conditions and 
has been shown to be insensitive to forest aboveground biomass above 150 Mg/ha (Austin et al., 2003; 
Ranson and Sun, 1994).  
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1.1.3.2. Lidar remote sensing 

Laser altimetry, or Lidar (Light Detecting and Ranging) is an active remote sensing technique using a 
laser beam as the sensing carrier (Wehr and Lohr, 1999). Lidar systems measure the time elapsed from 
a pulse of the laser energy (usually in the near-infrared, for vegetation studies) generated from the 
sensor and reflected back from the target, and can finally provide the elevation information of targets 
with respect to the speed of light (Hudak et al., 2002). 

According to the width of the laser beam, Lidar instruments can be divided into two categories: large-
footprint or small-footprint systems. Large-footprint systems have a laser beam that is greater than 5m 
in diameter on the ground, whereas small-footprint have a more narrowly focused beam that is 
typically less than 50cm in diameter (Bortolot and Wynne, 2005). Furthermore, large-footprint lidar 
instruments fully digitize the returning signal which is referred to as lidar waveform, thus providing 
enhanced vertical architecture information of forests (Patenaude et al., 2005), while small-footprint 
systems typically record one to five returns (e.g. the first and last significant returned signal) which are 
referred to as discrete return lidar (Evans et al., 2006; Hudak et al., 2002) as shown in Figure 1-2. In 
respect to forest biomass estimation, large-footprint Lidar hold more advantages than small-footprint 
Lidar (Drake et al., 2002; Dubayah and Drake, 2000) and many studies conducted to estimate forest 
biomass mainly used large-footprint Lidar (Drake et al., 2002; Lefsky et al., 2001; Means et al., 1999), 
for Lidar waveforms offer the potential to directly derive vegetation height, and other canopy structure 
characteristics, which ensure the possibility of a high accuracy of forest biomass estimation. 

 
Figure 1-2 Discrete return lidar and waveform lidar in canopy height measurement 

(Source: http://www.riegl.com/airborne_scannerss/airborne_scanners_literature_/airborne_literature_menu_.htm ) 
 
The Lidar system also holds promise to overcome the saturation problem in forest biomass estimation 
as found in both passive optical and radar remote sensing and has a great potential to increase the 
accuracy of forest biomass estimation (Drake et al., 2002). The ability of estimating aboveground 
biomass has been tested in dense forest conditions using lidar where passive optical and active radar 
sensor typically fail to do so (Drake et al., 2002; Patenaude et al., 2005). For example, depending on 
the respective study area, total aboveground biomass measured from field data could be predicted from 
airborne-derived lidar metrics with R2 value up to 0.95 for biomass levels of 1300 Mg/ha for 
coniferous forests in the western cascades of Oregon, USA (Means et al., 1999). Lefsky et al. (2001) 
used lidar-derived metrics to predict field measured aboveground biomass at sites in the temperate 
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deciduous, temperate coniferous, and boreal coniferous biomes in United States, for maximum 
aboveground biomass up to 716.3 Mg/ha, 1329.0 Mg/ha and 58.5 Mg/ha with R2 value up to .65, .87 
and .76, respectively.  

Estimation of aboveground forest biomass using large-footprint lidar can be achieved through the 
following phases, as is shown in the conceptual model of forest AGBM estimation in Figure 1-3: 

 The first phase is to establish tree allometric equations based on the field measurement for a 
restricted number of felled trees, which are also representative for the study area. For each tree, 
aboveground forest biomass and relative variables, such as tree DBH (average diameter at breast 
height) and height, are measured. Regression analysis is used to establish the relationships 
between tree biomass and tree variables, so called allometric equations (DeGier, 2000). 

 The second phase is to locate the field plots that correspond to lidar foot-prints and calculate field 
plot forest biomass based on the allometric equation established in the first phase, by summing up 
individual tree biomass. 

 The third phase is to derive metrics, such as canopy height, HOME, from lidar waveform, then 
regression equations are built between the field plot biomass and lidar-derived metrics. It is 
suggested horizontal canopy structure (forest types) information should also be taken into 
consideration when developing regression equations in this phase. 

 The forth phase is to apply the regression equations (for different forest types) to all lidar footprint 
plots (with corresponding forest types) to estimate the aboveground forest biomass. 

As can be seen from the phases, the forest type information is suggested to be taken into consideration 
at the third and forth phases in forest AGBM estimation process. Though Lidar systems have the 
potential to retrieve vertical canopy structure directly, however, for spatially consistent biomass 
assessment, horizontal canopy structure (forest types) information is also essential (Lefsky et al., 2005; 
Patenaude et al., 2004; Patenaude et al., 2005) for the studies that are not conducted in homogeneous 
forest areas or forests of consistent horizontal spatial pattern, due to the facts that forest biomass may 
vary considerably between different forest types, even when of similar height, density and age. 

The relationships between lidar-derived metrics and canopy structures, such as canopy height, canopy 
cover, canopy height profile, quadratic mean stem diameter (QMSD), biomass and basal area have 
been investigated (Drake et al., 2002; Drake et al., 2002; Dubayah and Drake, 2000; Lefsky et al., 
1999; Lefsky et al., 1999; Lefsky et al., 2001; Means et al., 2000; Means et al., 1999). Ronson et al. 
(2004) indicated that different forest types are expected to have different waveform profiles.  

However, there have not been any studies attempting to develop an effective way to derive accurately 
forest horizontal characteristics using large foot-print lidar. The only research that tried to establish a 
relationship between the lidar waveform and different forest types was by Ranson et. al. (2004), who 
investigated the possibility of using metrics front slope angle and centroid, both derived from ICESat-
GLAS lidar waveform on terrain with less than 5 degrees slope, as indicators of forest types. These 
two metrics, however, failed to explain the relationship. Another study (Duong et al., 2006b), doing 
landcover classification using waveform lidar on flat areas, only tried to classify vegetation as a whole 
class, while no sub-classification of different forest types was attempted. 
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Figure 1-3 Conceptual model of estimating AGBM forest biomass using large-footprint lidar 

 
The lidar instrument used in this study is spaceborne ICESat-GLAS lidar system. Its footprint diameter 
on the Earth’s surface is nominally 70m, spacing between footprints is about 175m and spacing 
between tracks is about 2km in Northeastern China (NASA, 2007). One of its designed science 
objective of ICESat mission is the measurement of canopy height. This research aims to assess the 
ability of using this large-footprint waveform lidar to detect forest types and derive useful metrics 
from lidar waveform that can be used to retrieve forest horizontal characteristics. 

1.2. Research Problem 

The advantage of large-footprint lidar in forest application is that its waveform provide an apparent 
vertical canopy structure of the forest within the footprint. The conceptual basis of how large-footprint 
lidar waveforms reflect the vertical canopy structure (or referred as canopy height profile in some 
literatures) is illustrated below in Figure 1-4. The return waveform gives the vertical distribution of 
surfaces intercepted by the incident beam. At any particular height, the amplitude of the waveform 
records the strength of the return energy. Thus, for canopy surfaces with similar reflectance and under 
similar atmospheric conditions, a larger amplitude indicates more canopy material (leaves and 
branches). This vertical canopy structure information provided by the waveform profiles of large-
footprint lidar give the possibility to distinguish different forest types, for different forest types are 
expected to have their typical vertical canopy structures, thus producing different typical lidar 
waveforms. 
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Figure 1-4 Conceptual basis of how large-footprint lidar waveforms reflect the canopy vertical structure 

(height profile) (Drake et al., 2002) 
 
Five existing lidar waveform-derived metrics: Lidar canopy height (LHT), the height of median energy 
(HOME), the height/median ratio (HTRT), ground return ratio (GRND) and front slope angle are 
commonly used to describe vertical canopy structure characteristics (Brenner et al., 2003; Drake et al., 
2002; Ranson et al., 2004). Figure 1-5 shows a typical Lidar waveform profile and waveform-derived 
metrics: 

 Lidar canopy height (LHT) is calculated by identifying the signal start and the center of the last 
Gaussian pulse and then calculating the distance between the two. 

 Height of Median Energy (HOME) is the height at which half of the return energy is above and 
half below. It is not only affected by the tree height, the vertical canopy structure distribution, but 
also sensitive to canopy openness (tree density). 

 HOME/LHT ratio (HTRT) is the HOME divided by canopy height. Compared with HOME, HTRT 
normalizes tree height. However, it is still affected by vertical canopy structure and canopy 
openness these two factors, thus not an ideal metrics for distinguishing forest types. 

 Ground return ratio (GRND) is the ratio of ground return energy and the total energy contained in 
the waveform. GRND only provide an approximation of the degree of canopy closure with certain 
canopy assumption and it is unsuitable to be used to derive forest type information. 

 The front angle is the angle from the vertical to the vector from the signal start to the peak of 
canopy return energy. This metrics has a reflection on both forest density and the vertical 
distribution of the top canopy structure, thus it is unable to derive forest type information from this 
single metrics. 
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Figure 1-5 Typical Lidar waveform profile (Drake et al., 2002; Ranson et al., 2004) 

 
However, factors such as, forest height, forest density, subcanopy, and topographic slope, as well as 
forest types are all known to affect the waveform profiles which make the waveform profiles differ a 
lot even of the same forest type (Brenner et al., 2003; Dubayah and Drake, 2000; Michael Andrew 
Lefsky, 1997). Figure 1-6 illustrates the theoretical waveform for uniform canopy characteristics and 
how these factor influence the waveform characteristics, thus the lidar-derived metrics. 

♦ Forest height can be immediately reflected by Lidar canopy height (LHT) on the lidar waveform. 
As forest height increases or decreases, the centroid of canopy return energy will shift upwards or 
downwards, so then the Height of Median Energy (HOME). Height/LHT ratio (HTRT), 
determined by Height of Median Energy (HOME) and Lidar canopy height (LHT), will change 
accordingly. 

♦ Forest density has an influence on the Height of Median Energy (HOME) and The front angle, for 
an increase in forest density can lead to more reflection by canopy and correspondingly less by 
the ground, thus an increase of HOME and HTRT. And the front angle will also increase for there 
will be more top canopy return energy. 

♦ Subcanopy can result in more than one peak on the waveform profile and make it more complex. 
It can also influence the Height of Median Energy (HOME) and Height/LHT ratio (HTRT) by 
increasing the canopy return. 

♦ Slope can cause not only the ground return to spread, but also the canopy return (Brenner et al., 
2003). Canopy return and ground return can even become severely mixed on steep slopes (Figure 
1-7). It has a big influence on the whole five metrics. However, it is impossible to ascertain the 
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extent of the influence most of the times, for there is no effective way to separate canopy return 
and ground return on steep slopes (Brenner et al., 2003). 

♦ And for different tree species, their different spatial distribution of canopy structure (e.g. leaves 
and branches) can lead to different waveform profiles. 
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Figure 1-6 Theoretical waveforms for uniform canopy characteristics and factors influence the 

waveform characteristics. 
 

 
Figure 1-7 Slope can result in mixed canopy and ground return in the waveform 

 
Through this analysis, we conclude that the existing metrics are all incapable in respect to detecting 
different forest types, for they can vary a lot of the same forest type with the influence of factors 
mentioned above. In order to derive forest type information from large foot-print lidar waveforms, 
metrics that can reflect the different vertical canopy structures between different forest types without 
biases of the factors, such as forest height, density and slope, have to be found. 
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To achieve this goal, we will focus more on the canopy return part, as canopy return energy reflect the 
canopy structure distribution, thus forest type information, for different forest types are expected to 
have the different vertical distribution of canopy structures (Lamotte et al., 1998), thus different 
canopy return energy profiles. 

Therefore, several quantile-based metrics , R25, R50 and R75, as explained below, will be tried to 
derive from the lidar waveforms as shown in Figure 1-8. Blair et al. (1999) and Kimes et al. (2006) 
used H25, H50 and H75 as a relatively direct measure of the vertical profile of canopy components. 
H25 is the 25% quartile height calculated by subtracting the elevation at which 25% of the return 
energy occurs from the ground elevation (Kimes et al., 2006). In this study, CH25, CH50, CH75 are 
proposed and are heights of 25%, 50% and 75% canopy return energy, respectively. This group of 
quartile heights is an improved version of H25, H50 and H75, which exclude the influence of ground 
return and serve as a more direct measure of the vertical profile of canopy components. Then the ratios 
R25, R50 and R75 will be calculated by dividing CH25, CH50 and CH75 by canopy height, to 
normalize the influence of different canopy heights and the waveform spreading effect caused by 
topographical slope. These metrics will then be applied to statistical methods to find their relationships 
between different forest types. 
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Figure 1-8 Metrics R25, R50 and R75 proposed to be derived from lidar waveform, in which ground 

return and canopy return can clearly separated 

What’s more, the return waveform can be regarded mathematically as a composition of several 
Gaussian curves (Figure 1-9), and reflect Gaussian surfaces (Brenner et al., 2003; Wagner et al., 2006), 
i.e., the layers of branches and foliage in the forest. The different vertical stratum characteristics of 
different tree species, especially broadleaved trees and needleleaved trees, are supposed to be reflected 
by the characteristics of the decomposed Gaussian curves, i.e., the Gaussian curve slope (Figure 1-10). 
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Figure 1-9 Decomposed Gaussian Curves of lidar waveforms 
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Figure 1-10 ICESat-GLAS waveform decomposition and Gaussian Curve Slope 

 
For example, the vertical strata of needleleaved trees such as Pine (Pinus koraiensis Sieb. et Zucc.) is 
more obvious than broadleaved trees like Betula (Betula platyphylla Suk.). So when the lidar energy is 
reflected by this thin slice of layer of needleleaved trees, the wave range will be much smaller than 
that by the broadleaved trees, as shown in Figure 1-11. The averages of the decomposed Gaussian 
curve slopes (AGS) of the needleleaved forests are expected to be larger than those of the broadleaved 
forests. Moreover, considering the homogenous nature of vertical structure of the needleleaved forest, 
the standard deviations of the decomposed Gaussian curve slopes (SGS) of needleleaved forest are 
expected to be smaller than those of the broadleaved forest.  

So in the research, Gaussian fitting will be firstly applied to the waveforms and the two kinds of 
statistical characteristics of decomposed Gaussian curve slopes, namely AGS and SGS as shown in 
Figure 1-12, will be investigated to examine whether they can serve as indicators of different forest 
types. 
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Figure 1-11 Theoretical comparison of vertical strata and waveforms of broad- and needleleaved forest 
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Figure 1-12 Metrics AGS and SGS proposed to be derived from lidar waveform, in which ground return 

and canopy return can clearly separated 
 
However, the topographical slope imposes such a great impact on waveform profiles that slopes can 
cause the lidar ground return to spread, leading to inaccurate ground determination, and consequently, 
canopy heights; what’s still worse, on really steep slopes, return from trees can be convolved or 
blurred with the surrounding topography (Hyde et al., 2005) (Figure 1-7).  
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Our study area is a montane area with a wide range of slopes, lying in Mountain Changbai forests, 
Northeastern China. This cool temperate forest has variety of forest types, including broadleaved 
forest, needle-forest forest and mixed forest (Xiao et al., 2002). Due to the complex composition of 
tree species in the forest, in our study, when the percentage of needleleaved trees in number in the 
forest plot surveyed exceeds 70%, the plot will be classified as Needleleaved forest. If the percentage 
of needleleaved trees is under 15%, the plot will be labelled as Broadleaved forest. And plots with the 
percentage of needleleaved trees in number between 15-70% will be classified as Mixed forest.  

What’s more, considering the effects of slope on waveforms, our study firstly aims to derive forest 
type information from waveforms located on terrain with low relief, in which there are obvious ground 
peaks, thus ground return and canopy return can be separated. Then investigate the possibility of 
deriving forest type information from waveforms of which footprints plot on steep slopes. 

1.3. Objectives 

The main objective of the research is to investigate the possibility of using large-footprint lidar to 
derive forest type information, thus extending the application of large-footprint lidar and contributing 
to the global methodology of a more accurate biomass estimation using large-footprint waveform lidar. 

The specific objectives are as follows: 

♦ To investigate whether broadleaved and needleleaved forest can be distinguished by the lidar. 

♦ To investigate which combination of the lidar waveform metrics proposed can best distinguish 
broadleaved and needleleaved forest. 

♦ To investigate the extend to which lidar can classify mixed broad-/needle-leaved forest. 

1.4. Research Questions 

♦ For what slope range, can the waveform metrics proposed be successfully derived? 

♦ How strong is the relationship between the metrics of canopy energy distribution (R25, R50, R75), 
which reflect canopy vertical structure distribution, and broadleaved and needleleaved forest? 

♦ How strong is the relationship between the metrics of statistical characteristics of decomposed 
Gaussian curve slopes (AGS, SGS), which reflect canopy vertical stratum characteristics, and 
broadleaved and needleleaved forest? 

♦ Which combination of the derived metrics can best predict the presence of broadleaved and 
needleleaved forests? What is the accuracy of the classification? 

♦ How strong is the relationship between the metrics and mixed broad-/needle-leaved forest? 
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1.5. Hypotheses 

♦ Different forest types have typical different vertical canopy structure, and those differences can be 
reflected by ICESat-GLAS waveform profiles (energy distribution of the canopy return and 
pattern of decomposed Gaussian waveforms). 

♦ The metrics proposed can be derived from ICESat-GLAS waveforms on low relief areas and can 
be used to derive forest types information. 

♦ The slope exceeding a certain degree can make it impossible to distinguish canopy return from 
ground return within ICESat-GLAS waveforms, for return from trees will be convolved or blurred 
with the surrounding topography. 
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1.6. Research Approach 

The general framework of the research methods is demonstrated in Figure 1-13. The methods used in 
the framework will be described specifically in the methods chapter. 
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Figure 1-13 General flow chart of research approach 
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2. METHODS AND MATERIALS 

2.1. Study Area 

To answer the research questions and test the hypotheses of the research, the study area is selected in 
Wangqing forest area of Jilin province, China (Figure 2-1). It lies along the border between China and 
North Korea  and belongs to the Changbai mountain system, which is one of the most valuable 
reserves because of its rich gene pool of many plant species with the altitudinal vegetation zone in the 

Mountain. Geographically, the study area is located 43°05′N through 43°40′N latitude, and 

129°56′E through 131°04′E longitude, covering an area of approximately 85×60 km.  

Changchun
Changchun

Wangqing
Wangqing

Jilin Province

Wangqing Forest Area

 

Figure 2-1 Location of Wangqing Forest Area of Jilin Province, China 
 

Wangqing forest is a cool temperate forest and dominated by a cool temperate continental climate 
influenced by monsoon, and has four clearly different seasons: windy spring, hot and rainy summer, 
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cool autumn and cold winter. Mean annual temperature is 3.9 oC. The mean annual precipitation is 438 
mm, about 80% of which takes place between May and September. The elevations of the study area 
vary, ranging from 360m to 1,477m above sea level, and the steepest slopes are more than 100 percent 
(Yanqiu, 2006). 

The natural vegetation in the study area is dominant by Pinus koraiensis, Tilia amurensis, Quercus 
mongolica, Fraxinus mandshurica and Acer mono, and the mean forest canopy height is 26 m (Yanqiu, 
2006). According to the forest structure and the growth rules and biology features, the forests in the 
study area can be classified to 3 types: Broadleaved forest, Needleleaved forest and Mixed forest, as 
defined in Section 1.4.. The dominant tree species of boardleaved forest are Betula platyphylla, 

Quercus mongolia, Betula castata, Populus ussuriensis, Fraxinus mandshurica., while Pinus 

korinensis, Picea koyamai var. koraiensis, Larix olgensis and Abies nephrolepis are dominant in the 
needleleaved forest. The main tree species of mixed forest are Pinus korinensis, Picea koyamai var. 

koraiensis, Pinus sylvestris var. mongolica, Larix olgensis, Abies nephrolepis, Tilia amurensis, Ulmus 

pumila, Betula platyphylla, Betula castata and Acer mono. There are usually shrubs growing in the 
low-layer of the forest. 

2.2. Approach in Forest Type Information Derivation 

The overall framework of research method is shown in the Figure 2-2 below: 

 
Figure 2-2 Overall framework of the study 

2.3. Data Available 

♦ Satellite Images 

Two cloud-free Landsat TM satellite images were available (October 2, 2001 and September 29, 2006), 
both of which have a resolution of 30×30m including 7 bands of information. Geo-reference of the 
TM image was applied to make the imageries match with the real-world coordinates. The accuracy of 
the geometric correction was checked with the remarkable surface features in the topographic maps. 
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The reason why these two images were chosen was because the dates on which they were acquired 
was in the same period of year when the fieldwork will be conducted. The main usage of the two 
images in the study is for visual interpretation in the fieldwork stage for sample footprints selection. 

 
Figure 2-3 False color composite (Band 5, Band 4, Band 3) of ETM+ image (29 September 2006) of 

the study area 
 

♦ Digital Elevation Model 

A Digital Elevation Model (DEM) of the study area produced by Chinese Academy of Forestry was 
also introduced in the study. The resolution of the DEM is 30×30 meters horizontal and vertical 20m. 
The DEM was applied in this study to derive slope map (Figure 2-4), which will assist in ICESat-
GLAS lidar waveform selection. The waveform will be firstly categorized by slopes, to determine the 
slope range for which the proposed metrics can be successfully derived from. Also, the slope map will 
be of help to determine the accessibility of footprints and design sample strategy in the fieldwork. 

 
Figure 2-4 DEM derived slope map of Wangqing forest area 
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♦ Thematic Maps 

An administration distribution map, road map and river map of the study area (Figure 2-5), were also 
acquired from Wangqing forest bureau, to assist in footprints selection and field data collection. 

 
Figure 2-5 Thematic map of the study area: river map (left) and road map (right) 

 

♦ Secondary Dataset 

Around one hundred (102) forest type information plots with GPS location collected by Xing Yanqiu 
(2006), using the same sample strategy as illustrated in Section 2.4.2., were obtained as the secondary 
data. The dataset contains plot information such as forest type (broadleaved forest, needleleaved forest 
and mixed forest, as defined in Section 1.4.), species of each tree, related forest vertical structure data, 
and slope value, of forest plots locating within the sampled 2003-2005 ICESat footprints of the study 
area. The corresponding ICESat-GLAS lidar waveform dataset is also available. 

2.4. Data Collection 

With the intention of exploring and analyzing the relationship between lidar waveform profile and 
forest type information, the primary data shown below are collected. 

2.4.1. ICESat-GLAS Full Waveform Data Acquisition 

A full waveform dataset of Geoscience Laser Altimeter System (GLAS) onbroad the Ice, Cloud, and 
land Elevation Satellite (ICESat) with cloud-free profile during the forest growth season of Oct. 27, 
2006 over the study area was acquired. There are 15 products of ICESat data, however, only the 
products GLA01 and GLA14 are used for the research. The GLA01 Global Altimetry Data Product 
includes the waveforms and timing. The GLA14 Global Land Surface Altimetry Data Product contains 
precise geo-location of footprint centers with height information. A GLA01 waveform is linked to a 
GLA14 location by index and shot number. 

The footprint of the waveforms are elliptical with the size of 95×52m on average (Harding and 
Carabajal, 2005). The separation of footprints along track is 175m with the horizontal geo-location 
accuracy of 3.7m. The waveform is digitized in 544 nanoseconds over the land area, which means the 
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waveform can acquire a height of up to 81.6m over land (NASA, 2007; NSIDC, 2007a). A 
visualization of the footprints over the study area is shown in Figure 2-6. 

 
Figure 2-6 ICESat ground tracks (27 October 2006) over the study area 

 

2.4.2. Field Data Collection 

Fieldwork was implemented in the Wangqing forest area from September 18th to October 1st, 2007. 
Although it is always suggested to use random sampling to avoid bias in a study, due to the complex 
and rough terrain in the mountainous forest area, what’s more important, plot data have to be collected 
within the footprints, which in most cases are locating in the remote forest area far away from roads, 
making it difficult and time consuming to access and collect plot data, a modified stratified random 
sampling method by segment slope was applied in the fieldwork.  

A total of 103 circular plots centered on ICESat-GLAS lidar footprints distributed on different slope 
range were selected and measured in the footprints throughout the study area (Figure 2-7). To 
correspond to the lidar measured metrics within footprints and avoid the biases of GPS locational error, 
and in respect of the data collecting load of each field plot, the size of the circular plot was 25.24 m in 
diameter on flat land, which is smaller than the 70 m-diameter footprint (Figure 2-8). Considering the 
effect of slope, the radius of the plots were corrected according to slope correction table (in Appendix I 
Table 12) on slope areas. 
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Figure 2-7 Distribution map of sample plots 

 

 
Figure 2-8 Sample plot design on flat land 

 
The study focused on the relationship of the forest type and lidar waveform profile, so forest type of 
each field plot was firstly recorded. Meanwhile, the tree species and height of each tree located within 
the sample plot with DBH>10cm were also recorded, since they normally contribute more to 
characteristics of the waveform profiles. The vertical canopy structure information by visual 
interpretation of the sample plots was also collected, namely the height and coverage of three forest 
layers (high-/medium-/low- canopy layers) as it is shown in Appendix I Figure 0-1. What’s more, 
slopes of the sample plots were measured, to compare with the DEM derived slope and categorize the 
ICESat-GLAS lidar footprints in the data processing stage. Photos were also taken of each sample 
plots. The detailed data collected  in the field can be found in Appendix I Table 13. 
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2.5. Data Processing 

2.5.1. Waveform Pre-processing 

Before we could make use and do the analysis of the ICESat-GLAS lidar waveform data, processing 
of the raw dataset acquired during the data collecting stage, was necessary. The method employed to 
process the ICESat-GLAS lidar waveform data is adopt from Geoscience Laser Altimeter System 
(GLAS) Algorithm Theoretical Basis Document Version 4.1 (Brenner et al., 2003) and the 
methodology developed by Duong et al. (2006a). 

2.5.1.1. Waveform Conversion 

As ICESat full waveform data is distributed in binary format, the GLA01 and GLA14 is firstly 
converted into ASCII format by an IDL program IDL_Reader developed by National Snow and Ice 
Data Center (NSIDC, 2007b). The produced waveform data originally in counts (from 0 to 255) is 
then be converted into voltage units for further process. 

2.5.1.2. Waveform Normalization 

After conversion, the voltage waveform is then normalized, by dividing each amplitude by the total 
received energy. The purpose of the operation is to make the waveforms comparable, since different 
waveforms were captured in different epochs. Due to reasons such as different atmospheric condition 
or changes in the behaviour of the laser device, the amount of return energy may vary with time, even 
the ground don’t change (Duong et al., 2006a). This operation makes it possible to compare the 
relative energy levels of particular constituents of different waveforms. 

The normalization process is completed by dividing the received energy Vi at moment i by the total 

energy VT, calculated by 
iiT VV ∑ == 544

1 . Then the normalization is described as TiN VViV /)( = . Two 

normalized full waveform are shown in Figure 2-9. 

 
Figure 2-9 Two normalized waveforms, displayed together with their cumulative distribution curves (in 

gray) (Duong et al., 2006a) 

2.5.1.3. Waveform Smoothing 

To help remove noise and determine initial estimates for the waveform parameters, such as estimating 
the locations and amplitudes of the peaks in the waveform, the voltaged waveform has to be further 
smoothed by a Gaussian filter (Brenner et al., 2003; Duong et al., 2006a).  
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In this filter process, the method referenced in the two above article was used. The Gaussian shape is 
positioned where it maximum coincides with the filter location. The width of the Gaussian which is 
defined in terms of sigma, is usually described as the Full Width at Half Maximum (FWHM). The 

FWHM is linked to sigma by the formula: ))2log(*8(* sqrtsigmaFWHM = . A FWHM value of 3 

is used in the actual implement of the method (Duong et al., 2006a). 

2.5.2. Waveform Gaussian Fitting 

A waveform can be considered as composition of Gaussian curves, and reflect Gaussian surface, i.e., 
the layers of branches and foliages in the forest. And the second set of waveform metrics proposed, 
AGS, SGS and MSGS, are statistical characteristics of the decomposed Gaussian components. Wagner 
et al. (2006) gave a theoretical basis for modelling the lidar waveform as a series of Gaussian pulses. 
The Gaussian fitting step is to model the normalized and smoothed waveform w(t) with Gaussian 
components using the algorithm developed by Brenner et al. (2003). 

A smoothed waveform )(tw  is a sum of Gaussian components )(tWm , as shown in the equation 

below: 

∑
=

=
N

m
m tWtw

1

)()( , with 
2

2

2
)(

)( m

mtt

mm eAtW σ
−−

×=  

Where )(tw  is the amplitude of the waveform at time t; )(tWm  is the m-th Gaussian component; N is 

the number of Gaussian components in the waveform; mA  is the amplitude of the m-th Gaussian 

component, mt  its position and mσ  its standard deviation.  

The least squares approach is used to calculate the model parameters mA , mt , and mσ  in the above 

equation, by fitting the theoretical model to the observed waveform in such a way that the difference 
between the model and observation is minimized in the least-square sense. Figure 2-10 shows the 
results of the fitting algorithm.  
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Figure 2-10 Lidar waveform on track 121745072 with shot number 1: raw waveform (left) and its fitted waveform 

(right), with raw waveform—red, the Gaussian component—green and fitted waveform—dashed black 
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As can be seen from the fitting result, the leftmost Gaussian component is referred to as the first mode, 
and this component corresponds to the first feature in the laser footprint that is reflecting, which over 
the forest areas, mostly originate from the reflection by the tree canopy. On the other hand, the right 
most Gaussian component corresponds to the energy reflected by the surface hit last, which in forest 
applications, corresponding to the last ground return below the tree. 

2.5.3. Waveform Selection and Parameters Calculation  

After the waveform is smoothed and fitting with Gaussian components, waveforms validate for the 
study are selected and some important waveform parameters are calculated, for the purpose of deriving 
the proposed metrics from. 

2.5.3.1. Waveform Categorization and Selection 

All the waveforms that have corresponding field survey data are firstly stratified by slope value 
extracted from DEM. Waveforms located on terrain with slope larger then 25 percent are excluded 
from the next analysis, because theoretically, within more than 18.75m of waveform range, return 
from trees will be convolved or blurred with the surrounding topography, which makes it impossible 
to derived the metrics proposed.  

The remaining waveforms of each slope range are further checked to exclude those from which no 
clear ground return is discernable or in which there is only ground return (no canopy return), leaving 
waveforms validate for analysis. 

2.5.3.2. Background Noise Threshold, Signal Start and Signal End 

The locations of signal start and signal end can be determined, by locating the leftmost and rightmost 
position where the amplitude of smooth waveform firstly exceed the background noise threshold 
(Figure 2-11): 

))(()(_ IitItstartSignal ∈∀≤∩∈= , 

))(()(_ IitItendSignal ∈∀≥∩∈= , with }5441,|{ ≤≤>= ithresholdViI i  

Where iV  is the received energy of the smoothed waveform at moment i , and background noise 

threshold is set to mean noise value plus 4 times noise standard derivation (Lefsky et al., 2005), shown 
as the formula below: 

derivationstdnoisemeannoiseThreshold __*4_ +=  
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Figure 2-11 Waveform parameters as Background Noise Threshold, Signal Start and Signal End 

 
In the study, the first 100 bins of the waveform are used to determine the noise component of the 
waveform signal, namely mean noise value and noise standard deviation, for the actual waveform 
signal often starts after the 100th bin within the 544 bins of the whole waveform, as indicated in the 
formula below: 

∑
=

==
100

1

100/_
i

iVVmeannoise  

100/)(__
100

1

2∑
=

−=Δ=
i

i VVVdeviationstdnoise  

Where iV   is the received energy of the smoothed waveform at moment i . 

 

2.5.3.3. Ground Return, Canopy Return and Canopy Height 

To prepare for the waveform metrics derivation in the next step, it is important to determine the 
boundary between the canopy return and ground return of the waveform (Figure 2-12). In most cases, 
the ground return and canopy return are not clearly separated, or to say, there is always a overlap of 
ground return and canopy return in the waveform, especially when the topography relief is large and 
vegetation height is low within the lidar footprint. Below is the method used in the study to determine 
the boundary between the ground return and canopy return of the waveform. 
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Firstly, the Ground Return is identified as the Gaussian component with the highest peak within the 
right half of the waveform range,  

)(Re_ tWturnGround i= , with 
2

2

2
)(

)( m

mtt

mm eAtW σ
−−

×= , 

and mimi AAendsignalendsigstartsignaltt >+∈∀ ],_,2/)__[(,  

Then the Boundary between the canopy return and ground return is then determined by formula: 

  iiABoundary σ*5.1−= , 

And Canopy Height: 

  startsignalAHeightCanopy i __ −= , 

Where )(tWi , )(tWm  is the i-th, m-th Gaussian component, i  is the index of Ground Return of the 

waveform, iA , mA  is the amplitude of the i-th, m-th Gaussian component, it , mt  their position and 

iσ , mσ  their standard deviation. 

The waveform profile and Gaussian components to the left of the boundary are canopy return part of 
the waveform. 
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Figure 2-12 Waveform parameters as Ground Return, Canopy Return and Canopy Height 
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2.5.4. Waveform Metrics Derivation 

As is proposed, two sets of waveform metrics are derived from the above prepared waveforms. The 
first set of waveform metrics, R25, R50 and R75, are quantile-based metrics of the canopy return 
energy; the second set of waveform metrics, AGS, SGS and MSGS, are statistical characteristics of the 
Gaussian component contributed by canopy reflecting. 

2.5.4.1. Metrics R25, R50 and R75 Derivation 

Quantile-based metrics , R25, R50 and R75, are derived from the lidar waveforms (Figure 1-8). CH25, 
CH50, CH75 are heights of 25%, 50% and 75% canopy return energy, respectively (Figure 2-13). 
Then the ratios R25, R50 and R75 will be CH25, CH50 and CH75 divided by canopy height, to 
normalize the influence of different canopy heights and the waveform spreading effect caused by 
topographical slope. These metrics will then be applied to statistical methods to find their relationships 
between different forest types. 
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Figure 2-13 Heights of 25%, 50% and 75% canopy return energy, CH25, CH50 and CH75 

 

2.5.4.2. Metrics AGS, SGS and MSGS Derivation 

The slopes of the Gaussian components (see Figure 1-10, Figure 2-14) contributed by the canopy 
reflecting are expected to have relationships with the different forest types. The average and standard 
deviation of the decomposed Gaussian curve Slopes of the canopy return of each waveform, namely 
AGS and SGS (see Figure 1-11), are calculated by formula below: 
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Where iA  is the amplitude of the i-th Gaussian component, n is the number of Gaussian components 

of canopy return part, and iσ  its standard deviation.  
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Figure 2-14 The slopes of the Gaussian components contributed by the canopy reflecting 

 
A Modified Standard deviation of the decomposed Gaussian curve Slopes of the canopy return (MSGS) 
is also calculated using the formula shown below: 

∑
=

−=Δ=
n

i
i

T

i SS
E
ESMSGS

1

2)(' , with ∑
=

=
n

i
iT EE

1
 

Where iS  is the Gaussian curve slope of the i-th Gaussian component of the canopy reflecting, iE  is 

the energy of the i-th Gaussian component of the canopy reflecting, TE  is the total energy of the 

Gaussian components of the canopy reflecting, and n is the number of Gaussian components of canopy 
return part. 
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This Modified Standard deviation of the decomposed Gaussian curve Slopes of the canopy return 
(MSGS) is expected to amplify the main vertical structure characteristics of the canopy, for the energy 
of each Gaussian component is used as weight in the formula. The main vertical structure of the 
canopy will have a stronger energy, thus have a larger weight in the calculation. 

2.6. Data Analysis 

2.6.1. Statistical Analysis of Metrics Derived 

In order to find out the relationships between the metrics derived and different forest types, namely 
broadleaved forest, needleleaved forest and mixed forest, box-plots of different groups of metrics are 
produced to examine which metrics have the best potential to separate those different forest types.   

2.6.2. Support Vector Machine (SVM) Classification and Validation 

2.6.2.1. Introduction of SVM Classification 

Support Vector Machine (SVM) is a powerful methodology for solving problems such as general 
(nonlinear) classification, regression and outlier detection with an intuitive model representation 
(Scholkopf and Smola, 2002; Vapnik, 1995). The foundation of Support Vector Machines (SVM) was 
developed by Vapnik (1995) and is gaining popularity in the machine learning community, creating an 
enthusiasm that Artificial Neural Networks used to create before, due to many attractive features and 
promising empirical performance (Gunn, 1998; Meyer, 2007).  

Support Vector Machine, having no restriction on the dimensions (attributes) of input data, is superior 
to traditional Neural Network approaches, which suffered difficulties in generalization and resulted in 
overlearning (overfitting) (Gunn, 1998). What’s more, SVM classifier can be trained to any size of 
training set, while a Neural Network need definitely more training nodes so as to achieve a reasonable 
classification result. Considering the relatively small sample size of the study, SVM is again a better 
classification method suitable for this study, than a Neural Network approach.  

 
Figure 2-15 The mapping of vectors from gene (low demensional) space to feature space (hyperspace) 

using kernel function in the SVM classification (Markowetz, 2003) 
 

The concept of SVM classification is to transfer the data (vector) that are often hard to separate in gene 
low dimensions, to a higher dimensional space by kernel functions, such as linear, polynomial and 
radial basis function, where the linear separability of the data is possible (Scholkopf and Smola, 2002; 
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Vapnik, 1995) as shown in Figure 2-15. In this way, an optimal separating hyperplane between data 
points of different classes in a (possibly) high dimensional space is calculated. And the actual Support 
Vectors are the points that form the decision boundary between the classes used to calculated the 
optimal separating hyperplane (Kumar et al., 2006). For more details of SVM classification methods, 
one can refer to more technical literature, such as An Introduction to Support Vector Machine (and 

other kernel-based learning methods) (Shawe-Taylor and Cristianini, 2000). Due to its advantage and 
promising performance, in our study, SVM classification method is applied to the derived metrics to 
classify the waveforms.  

2.6.2.2. Application of SVM Classification on the Metrics Derived 

In our study, the open-source data mining software Weka is used in the application of SVM 
classification to the metrics derived. Weka contains tools for data pre-processing, classification, 
regression, clustering, association rules, and visualization (Weka, 2007).  

The two sets of derived waveform metrics, reflecting canopy vertical structure distribution and canopy 
vertical stratum characteristics respectively, are grouped into five combinations, as shown in Table 1. 
and each of the combination of metrics is used as input attributes in the SVM classification in Weka 
platform, to test which metrics have the strongest relationship with and can best predict different forest 
types. The method is firstly applied to distinguish broadleaved and needleleaved forest, to find out the 
metrics combination with the highest classification accuracy. Then, classicisation using this metrics 
combination as input parameters is applied to the dataset when mixed forest is added in, to ask the 
research question “the extend to which the metrics can classify mix broad-/needle-leaved forest”. 

In the SVM classification, the Libsvm algorithm (Chang and Lin, 2001) is used and linear Kernel 
function is selected. The detailed procedure of using Weka to classify the derived metrics is illustrated 
in Appendix II. 

Table 1 Metrics combinations whose relationship with different forest types will be tested in SVM 
  Metrics Combination  Metrics Attributes 

1 R25, R50, R75 Canopy Return Energy Distribution 
2 AGS, SGS Statistical Characteristics of Gaussian Component 
3 AGS, MSGS Statistical Characteristics of Gaussian Component 
4 AGS, SGS, MSGS Statistical Characteristics of Gaussian Component 

5 
R25, R50, R75, AGS, 

SGS, MSGS 
Canopy Return Energy Distribution and Statistical Characteristics of 

Gaussian Component 
 

2.6.2.3. Classification Validation 

10-fold cross-validation method is used in the SVM classification in Weka to perform classification 
validation. This cross-validation procedure can prevent the overfitting problem and help select the 
SVM model which will produce the best classification result (Chang and Lin, 2001). In this procedure, 
the training set will be firstly divided into 10 subsets of equal size, then sequentially one subset is 
tested using the classifier trained on the remaining 9 subsets. Thus, each instance of the whole training 
set is predicted once. The cross-validation accuracy is the highest percentage of data which are 
correctly classified during the procedure. 
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During this stage, confusion matrix, one of the common means of expressing classification accuracy, 
of the classifications is produced. How well a classification is categorized, as well as how bad the 
classification errors of commission and omission are, are shown in the matrix.  

Classification result table, in which several main descriptive measures of the classification (Lillesand 
et al., 2004) is contained, is also obtained from the confusion matrix. The overall accuracy is the 
probability that a pixel randomly taken from the classification has the same class as the corresponding 
pixel in the reference data, and it is calculated by dividing the total number of correctly classified 
pixels in each class by the number of reference pixels. The producer’s accuracy is the probability that a 
pixel taken randomly from the reference data class X has the same class as the corresponding pixel in 
the classified data. It is computed by dividing the number of correctly classified pixels in each class by 
the number of reference pixels of the class, and it indicates how well the reference data of the class are 
classified. The user’s accuracy is the probability that a pixel randomly taken from the classified data 
class X has the same class as the corresponding pixel in the reference data. It is indicates the 
probability that a pixel classified to a class actually represents that class in the reference data. The 
user’s accuracy results from dividing the number of correctly classified pixels in each class by the total 
number of pixels that were classified in that class. 
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3. RESULTS 

3.1. Field Data Discription 

Within the total 103 sample plots collected, the number of plots of broadleaved forest, needleleaved 
forest and mixed forest are 60, 16 and 19, respectively. And 6 plots are located on agriculture land and 
2 on bare land. The histogram below (Figure 3-1) shows the distribution of sample plots of different 
forest types on slope ranges. As can be seen on the histogram, the largest slope of the sample plots is 
more than 55 percent, and the majority of sample plots are located on slopes of less than 30 percent. It 
can be also found out that when slope of the sample plots exceeds 25 percent, the ground return on the 
corresponding waveforms becomes hard to distinguish visually. Table 2 is a summary of sample plots 
with slope of less than 25 percent. 

 
Figure 3-1 Histogram of sample plots distribution on slope ranges (slope unit: percent) 

 
Table 2 Summary of sample plots with slope of less than 25 percent 

Broadleaved Needleleaved Mixed 

  0‐25% >25% 0‐25% >25% 0‐25% >25%

Number 35 25 14 2 9 10

Percentage* 58.33% 87.50% 47.37% 

Summary (35+14+9)/(60+16+19)=61.05% 

Note: * the percentage of plots with slope range of 0‐25% 
 

Field plots data with corresponding ICESat-GLAS waveform data acquired during forest growth 
season (September and October) were also selected from secondary dataset collected by Xing Yanqiu 
in 2006, to supplement to the primary dataset. Finally, A total number of 42, 27 and 16 plots of 
broadleaved forest, needleleaved forest and mixed forest were prepare for the study (see Table 3). 
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3.2. ICESat-GLAS Waveform Selected 

Table 3 shows the result of the ICESat-GLAS waveforms selected which are used for the metrics 
derivation and further analysis. Consider for example the row of slope range of 5-10%, the total 
number of  waveforms with corresponding field survey forest type of broadleaved forest is 9, and 8 of 
them are used for metrics derivation. One of them is excluded for further analysis because no clear 
ground return is discernable or there is only ground return (no canopy return) in the waveform. For the 
waveforms located on slope range large than 25%, they are all excluded, because theoretically they are 
unsuitable to derive the metrics proposed, for more than half of the waveform range, return from trees 
is convolved or blurred with that from the surrounding topography. The final waveforms selected 
validate for further analysis are 35 of broadleaved forest, 18 of needleleaved forest and 11 of mixed 
forest.  

Table 3 ICESat-GLAS Waveforms selected categorized by slope range 
B  N  M 

Slope  Total Validate  % Total Validate % Total  Validate  %

0‐5%  1 1 100% 1 1 100% 0 0 0%

5‐10%  9 8 89% 10 7 70% 5 4 80%

10‐15%  8 6 75% 8 6 75% 0 0 0%

15‐20%  11 10 91% 4 2 50% 4 3 75%

20‐25%  13 10 77% 4 2 50% 7 4 57%

>25%        

Total  42 35  83.33% 27 18 66.67% 16  11  68.75%

    Overall valid: (35+18+11)/(42+27+16)=75.30%

*B‐‐Broadleaved; N‐‐Needleleaved; M‐‐Mixed; 
 

3.3. Statistical Analysis of Metics Derived 

The two types, totally six, of the proposed waveform metrics were derived from the ICESat-GLAS 
waveforms selected in Section 3.2.. All the metrics can be found in Appendix III Table 15. Figure 3-2 
and Figure 3-3 show the statistical analysis applied to the metric derived categorized by different 
forest types. 

As can be seen from Figure 3-2, in the first row are box plots showing the metrics reflecting canopy 
return energy distribution and different forest types, and in the second row, the metrics reflecting 
canopy vertical stratum characteristics and different forest types. From a glimpse of all the six graphs, 
it can be concluded that none of the six metrics can separate the three different forest types alone. In 
the box plots of R25, SGS and MSGS, the boxes of the three forest types are largely overlapping. And 
in the box plots of R50, R75 and AGS, though the extend of the overlapping of the three forest types is 
smaller than that of R25, SGS and MSGS, however, these three forest types are still not clearly 
separable, especially when mixed forest is there. 
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Figure 3-2 Box plots of lidar derived metrics and the three different forest types 

 
Figure 3-3 shows the box plots of lidar metrics and two forest types – broadleaved and needleleaved 
forests. For the metrics of R25, SGS and MSGS, the boxes of broadleaved forest and needleleaved 
forest are largely overlapping, which means these metrics alone cannot be good indicators of the two 
types of forest. However, the metrics AGS of the broadleaved and needleleaved forest indicate a good 
separation,  which shows the great potential in classifying the two types of forest in the next step. 
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Figure 3-3 Box plots of the two types of metrics and broadleaved and needleleaved forest 
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3.4. Support Vector Machine Classification Results and Validation 

3.4.1. Broadleaved and Needleleaved Forests Classification Result 

In this section, SVM classification results of broadleaved and needleleaved forest using different types 
of metrics are firstly presented. Then the results of different combinations of metrics as input 
parameters in SVM classification are compared. 

3.4.1.1. Metrics R25, R50 and R75 – Reflecting Canopy Return Energy 
Distribution – as Input Classification Parameters 

The SVM classification result of the two forest types using metrics R25, R50 and R75 is presented in 
this section. 

Table 4 shows the confusion matrix between the SVM classification and reference data collected in the 
field. The columns contain reference data with known forest types, and the rows are classified 
waveform data. From the table, we can see though 35 broadleaved forest area are all correctly 
classified as broadleaved forest, the needleleaved are poorly classified – all of them are misclassified 
as broadleaved forest. Or in other words, the two forest types are not separated by the classification. 

Table 5 shows the classification result. The producer’s accuracy of the broadleaved forest is 100% and 
the user’s accuracy is 66.4%.  As all the needleleaved forest are misclassified, the producer’s and 
user’s accuracy are both 0%. And the Kappa statistic of the classification is 0, which means these two 
forest types can not be separated, using the metrics reflecting canopy vertical structure distribution. 

Table 4 Confusion matrix of SVM classification of broadleaved and needleleaved forest using R25, 
R50 and R75 as input parameters  

Reference data    

Classified data  Broadleaved Needleleaved Row Total

Broadleaved 35  18 53

Needleleaved 0 0 0

Column Total  35 18 53
 
Table 5 Classification results of broadleaved and needleleaved forest using R25, R50 and R75 as 
input parameters 

Classified  Number  Accuracy (%)  Kappa Class name  r 
total  correct  Producer  User    

Broadleaved 35 53 35 100.00% 66.04%   

Needleleaved 18 0 0 0.00% 0.00%  

Total 53 53 35       

Overall Classification Accuracy =  66.04%      0 
 

3.4.1.2. Metrics AGS, SGS and MSGS – Reflecting Canopy Vertical Stratum 
Characteristics – as Input Classification Parameters 

SVM classification results using three combinations of metrics reflecting canopy vertical stratum 
characteristics, 1) AGS and SGS; 2) AGS and MSGS; 3) AGS, SGS and MSGS respectively, are 
produced. Classification result produced by AGS and MSGS is specified in this part. 
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Figure 3-1 shows the SVM classification results of the two forest types using metrics AGS and MSGS. 
The cross symbols represent for correctly classified forest, and blue cross for broadleaved forest, while 
red for needleleaved forest. The square symbols represent for misclassified forest. And we can see 
from the graph that 5 points are misclassified, with 3 of them needleleaved forest and 2 of them 
broadleaved. However, a large portion of the points, totally 48 in fact, are correctly classified. Also, 
we can see the red crosses (needleleaved forest) are posited at the up-left part of the graph, while the 
blue crosses (broadleaved forest) are located at the down-right part of the graph. With the same AGS 
value, the needleleaved forests usually have a smaller MSGS. 

 
Figure 3-4 SVM classification results of broadleaved and needleleaved forest using AGS and MSGS 

as input parameters 
 
Table 6 shows the confusion matrix between the SVM classification and reference data. The columns 
contain reference data with known forest types, and the rows are classified waveform data. From the 
table, we can see 33 out of 35 broadleaved forest area are correctly classified as broadleaved forest,  
and 15 out of 18 needleleaved forest are correctly classified. 

Table 7 shows the classification result. The producer’s accuracy of the broadleaved forest is 94.29% 
and the user’s accuracy is 91.67%, while for the needleleaved forest, the producer’s accuracy is 
83.33% and the user’s accuracy 88.24%. Moreover, an overall accuracy of 90.57% is obtained, with 
the Kappa statistic of 0.7868, which means the classification is 78.68 percent better than one resulting 
from chance. The Kappa statistic value, together with the high producer’s and user’s accuracy of both 
broadleaved and needleleaved forests, indicates this is a quite promising result for the robust 
classification method based on waveform analysis. 
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Table 6 Confusion matrix of SVM classification of broadleaved and needleleaved forest using AGS and 
MSGS as input parameters 

Reference data    

Classified data  Broadleaved Needleleaved Row Total 

Broadleaved 33  3 36

Needleleaved 2 15 17

Column Total  35 18 53
 
Table 7 Classification results of broadleaved and needleleaved forest using AGS and MSGS as input 
parameters 

Classified  Number  Accuracy (%) 
Class name  r 

total  correct  Producer User 
Kappa 

Broadleaved  35 36 33 94.29% 91.67%  

Needleleaved  18 17 15 83.33% 88.24%  

Total  53 53 48       

Overall Classification Accuracy =  90.57%      0.7868 
 

3.4.1.3. Comparison of Classification Results of Different Combinations of 
Metrics 

Table 7 shows the comparison of SVM classification results using different combinations of metrics as 
input parameters. We can see some interesting points from Table 7. The classification of metrics 
combination (the row in red of Table 8), R25, R50 and R75, which reflect canopy vertical structure 
distribution, get the worst classification result, with the overall accuracy of 66.04% and Kappa statistic 
0, which means the metrics of canopy return energy distribution cannot separate the two types of forest. 

However, the metrics combinations reflecting canopy vertical stratum characteristics (shown in the 2nd 
to 4th row of Table 8) achieve better classification results of the two types of forest. Among the three 
combinations, AGS and MSGS (the row in blue of Table 8) achieve the highest overall accuracy of 
90.57% and Kappa statistic value of 0.7868 and best predicts the broadleaved and needleleaved forests. 
The metric combination AGS and SGS, though having the same overall accuracy as that of AGS and 
MSGS, gets a lower Kappa value of 0.7808. When SGS is added into the combination AGS and 
MSGS, rather than obtaining a better classification result, the overall accuracy and Kappa decreases to 
88.68% and 0.7406 respectively, which means SGS can even bias the classification. Moreover, when 
metrics R25, R50 and R75 are also added as input parameters of the classification, the result shows no 
improvement, which again  proves that the metrics R25, R50 and R75 cannot be used as indicators of 
different forest types. 
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Table 8 Comparison of SVM classification results of different combinations of metrics 

 

3.4.2. Classification Result when Mixed Forest is added 

After finding out the best metrics combination, AGS and MSGS, as indicator of broadleaved and 
needleleaved forests, the mixed broad-/needle-leaved forest data is added into the classification. As is 
shown in Table 9, these two metrics appear unable to distinguish mixed forest from broadleaved and 
needleleaved forest. All 11 mixed forest are misclassified, with 6 of them are misclassified as 
broadleaved forest and 5 of them needleleaved forest. Thus, Table 10 shows the classification has an 
overall accuracy of only 76.56% and Kappa statistic value of 0.5642. The result shows that these two 
metrics cannot separate mixed broad-/needle-leaved forest from broadleaved and needleleaved forest. 

Table 9 Confusion matrix of SVM classification of broadleaved, needleleaved and mixed forest using 
AGS and MSGS as input parameters 

Reference data    

Classified data  Broadleaved Needleleaved Mixed Row Total 

Broadleaved 35  3 6 44 

Needleleaved 0 14 5 19 

Mixed 0 1 0 1 

Column Total  35 18 11 64 
 
Table 10 Classification results of broadleaved, needleleaved and mixed forest using AGS and MSGS 
as input parameters 
Class name  Classified  Number  Accuracy (%) 

  
r 

total  Correct  Producer  User 
Kappa 

Broadleaved 35 44 35 100.00% 79.55%  

Needleleaved 18 19 14 77.78% 73.68%  

Mixed 11 1 0 0.00% 0.00%  

Total 64 64 49       

Overall Classification Accuracy =   76.56%     0.5642 
 
 
 

Classified  Number Overall  Broadleaved  Needleleaved 

Metrics  Total  correct  Accuracy 
Kappa

Producer User  Producer User 

R25, R50, R75  53  35  66.04%  0 100.00% 66.04%  0.00% 0.00%

AGS, SGS  53 48 90.57% 0.7808 97.14% 89.47% 77.78% 93.33%

AGS, MSGS  53  48  90.57%  0.7868 94.29% 91.67%  83.33% 88.24%

AGS, SGS, MSGS  53 47 88.68% 0.7406 94.29% 89.19% 77.78% 87.50%

R25, R50, R75, 
AGS, SGS, MSGS 

53 47 88.68% 0.7406 94.29% 89.19% 77.78% 87.50%
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4. DISCUSSION 

In this study, the applicability of retrieving forest type information from spaceborne large-footprint 
waveform lidar is further investigated. The large-footprint waveform Lidar has unique advantage of 
providing vertical structure information of the Earth’s surface, over the conventional remote sensing 
technology. Researchers have attempted to utilize the vertical information provided by lidar 
waveforms to derive land cover and forest vertical structure information. However, derivation of forest 
type information from large-footprint lidar waveforms has not been attempted, which are import in 
applications such as mapping, forest resource management, ecological modelling and forest 
aboveground biomass estimation. 

The study by  Duong et al. (2006b) tried to classify the land cover into four classes, water, urban, high 
vegetation and bare land, on flat areas using ICESat-GLAS lidar waveforms, while no sub-
classification of different forest types was attempted. The only research tried to establish a relationship 
between the lidar waveform and different forest types by Ranson et. al. (2004), investigated the 
possibility of using metrics front slope angle and centroid, both derived from ICESat-GLAS lidar 
waveform on terrain with less than 5 degrees slope, as indicators of forest types. However, these two 
metrics failed to explain the relationship. 

The study developed a new method to extract the required forest type information from large-footprint 
lidar waveforms based on full waveform analysis. For this purpose, the raw waveform was 
decomposed into Gaussian components, and canopy return and ground return of the waveform were 
separated. Two types of metrics hypothesised to have relationship with forest types were derived. The 
first type of metric, R25, R50 and R75, is quantile-based metrics based on the vertical distribution of 
canopy return energy; and the second type, AGS, SGS and MSGS, are statistical characteristics based 
on the decomposed Gaussian components of canopy return part. Different combinations of the metrics 
derived were then used as input parameters in Support Vector Machine classification to find their 
relationship with different forest types. And the highest accuracy of 90.57% and Kappa statistic of 
0.7868 were achieved applying this method to separating broadleaved and needleleaved forests. 

The results showed that the first type of metrics, R25, R50 and R75, reflecting canopy vertical 
structure distribution failed to distinguish broadleaved and needleleaved forests. This may be due to 
the complexity of the forest vertical structures. In theory, the homogenous broadleaved forest and 
needleleaved forest have typical different canopy vertical structures. However, most of the forests are 
a mixture of different tree species and of different canopy height in the study area. What’s more, lots 
of shrubs are growing in the under-layer of the broadleaved forest (see Figure 4-1), all of which makes 
the canopy vertical structure distribution of broadleaved forest and needleleaved forest are not so 
distinct; Another reason may lie in the topographic effects on the vertical distribution of canopy return 
energy, which will also weaken the differences of vertical distribution of canopy return energy of 
different forest types.   
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(a) broadleaved forest (b) broadleaved forest

(c) needleleaved forest (d) needleleaved forest  
Figure 4-1 Broadleaved and needleleaved forest senses. Lots of shrubs exist in under-layer of some 

broadleaved forests; Canopy strata is more obvious in needleleaved forests. 
  

In contrast, the second type of metrics, especially metrics combination of AGS and MSGS, showed 
great promise in distinguishing the two types of forest. An overall accuracy of 90.57% and Kappa 
statistic of 0.7868 was achieved using AGS and MSGS as input parameters in SVM classification. It 
indicated that the slope of the decomposed Gaussian components in the lidar waveform can well 
mirror the characteristics of the reflecting Gaussian surfaces, in the forest sense, the layers of branches 
and foliage. The Average canopy return Gaussian component Slope (AGS) of waveforms produced by 
needleleaved forest is often larger that that produced by broadleaved forest. Moreover, the Modified 
Standard deviation of canopy return Gaussian component Slopes (MSGS) of needleleaved forest are 
smaller than that of broadleaved forest which have similar AGS value (see Figure 3-1). This could be 
explained by that needleleaved forest used to have more obvious canopy vertical strata than 
broadleaved forest (Figure 4-1). The metrics combination AGS and MSGS got better classification 
result than the combination AGS and SGS may because metrics MSGS amplify the main vertical 
structure characteristics of the canopy. 
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Figure 4-2 Classification result of all the waveforms using the model developed by AGS and MSGS 

 
However, the metrics AGS and MSGS seem to fail to distinguish mixed broad-/needle-leaved forest 
from broadleaved and needleleaved forest. The distribution of the mixed forest in the two dimensional 
plane defined by AGS and MSGS is shown in Figure 4-2 above. This may be because the waveform 
metrics of mixed forest, as a transition from broadleaved forest to needleleaved forest causing an 
increase of the portion of needleleaved tree in the forest, may behave more like needleleaved forest 
when needleleaved trees structure are dominant the canopy of the forest plots. Table 11 shows a re-
categorization  of mixed forest according the portion of needleleaved trees in the sample plots. And of 
course whether needle-leave trees structure dominate the canopy structure of the forest plot, is not only 
determined by the portion of needleleaved trees in number, but also factors such as the tree height, 
canopy size of the needleleaved trees as well as the broadleaved trees in the plot. In this case we just 
consider the portion of needleleaved trees in number of the sample plot. If we reclassify mixed forest 
as needleleaved forest when the percentage of the number of needleleaved trees in the plots exceeds 
40%, or reclassify it as broadleaved forest, only four of the “mixed forest” will be wrongly predicted 
by the model developed by metrics AGS and MSGS to separate broadleaved and needleleaved forests.  

This also suggests that when applying the method developed in this study to other forest areas, or 
using large-footprint lidar waveforms to do classification of other types of features on Earth’s surface, 
researchers have to be sure there are remarkable differences on vertical structure can be reflected by 
lidar waveforms between the objective classes in the study area, so as to get a good classification result. 
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Table 11 Information of misclassified mixed broad-/needle-leaved forest 

SPOT_ID 
FOREST 
TYPE 

PREDICT 
TYPE  Num Needle%

Threshold 
by 35% 

Threshold 
by 40%  Note 

1221245452:07 M N 35 40 N N Populus ; larix 

1221245452:11 M B 15 26.7 B B Betula ; larix 

1221245452:31 M B 19 36.8 N  B Populus ; Larix 

1221245452:35 M B 13 46.2 N  N  larix ; Betula 

1221245452:37 M B 21 38.1 N  B Larix ; Betula 

898951817:19 M N 48 54.2 N N Abies nephrolepis ;  Betula costata 

898951817:20 M N 45 53.3 N N Picea koraiensis, Abies nephrolepis, Betula costata 

898951817:21 M N 52 46.2 N N Abies nephrolepis, Picea koyamai  

898951817:22 M N 85 36.5 N B  Betulla castata, Abies nephrolepis 

898951847:05 M B 13 61.5 N  N  Betula platyphylla, Larix olgensis 

902852247:40 M N 55 18.2 B  B  Betula castata, Betula platyphylla 

Note: Needle%‐‐percentage of number of needleleaved trees in the plot; B—Broadleaved forest; N—Needleleaved forest; M—Mixed forest; 

            Threshold by *%‐‐When Needle% exceeds *%, then reclassified  Mixed forest as Needleleaved forest, or Broadleaved forest. 

            The rows in gray are Mixed forests predicted by the model as Broadleaved forests; N and B are forests mis‐predicted. 

 

The method can be improved to apply to classify waveforms located on terrain larger than 25 percent. 
The solution of this matter is to employ a relief correction model, such as the one proposed by Lefsky 
et al. (2005) to get the canopy height on the up-slope, thus in turn get the canopy return range on the 
waveforms. Through this method, the problem of separating canopy return from ground return in the 
waveforms on  large slopes can be solved (However, the results produced by the model vary across 
studies. In the case of Lefsky et al. (2005), the model explained 59%-68% variance in field-measure 
canopy height in three forest ecosystems. The study by Gwenzi (2008) in Wangqing forest area, 
showed that when slope level exceeds 22%, the mode fails to accurately predict the field-measured 
canopy height), and metrics reflecting canopy stratum characteristics, namely AGS, SGS and MSGS 
can be derived. In this way, this method can be applied to waveform on terrain with larger slopes to 
some extend, and  eliminate the subjective in ground return determination exist in the many studies (In 
this study, as only waveforms located on slope less than 25 percent were selected, we assume the 
Gaussian component with the highest peak within the right half of the waveform range as the ground 
return), to investigate the relationship between the metrics and different forest types on large slope 
areas. 

Furthermore, the number of sample plots collected in the study may be a constraint. Due to the limited 
time and rough terrain, only a total number of 103 plots was collected during the 12 days of fieldwork. 
What’s more, the dataset was far from ideal: the forest is not homogeneous, and most of them are in 
montane area. Together with 102 secondary data, after excluding the waveforms unsuitable for 
analysis, only 64 data were validate in the study. More field data are expected to further examine the 
effects of slopes on the metrics derived and to get a more reliable result. 
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5. CONCLUSIONS 

In this thesis, a method for deriving forest type information was developed, and broadleaved forest and 
needleleaved forest classes could be successfully separated. In this way, the aims of investigating the 
possibility of using large-footprint lidar to derive forest type information, thus extending the 
application of large-footprint lidar and contributing to the global methodology of a more accurate 
biomass estimation using large-footprint waveform lidar was achieved. This research further verified 
that the canopy vertical stratum characteristics could be well reflected by the canopy return part of the 
decomposed Gaussian components of the large-footprint lidar waveforms, thus the hypothesis was 
accepted that the proposed metrics derived from ICESat-GLAS waveforms on low relief areas can be 
used to derive forest types information.  

Research Question 1. For what slope range, can the waveform metrics proposed be successfully 
derived? 

From visual interpretation of the waveforms for which corresponding field plots data were collected, it 
is concluded that from about 75.30% of the waveforms located on slope of less than 25% percent 
where canopy return and ground return could be clearly separated, in other words, from which the 
waveform metrics proposed could be successfully derived. What’s more, theoretically, waveforms 
located on slopes larger than 25% were not suitable to derive the metrics from by using the proposed 
method, because more than half of the waveform range return from trees is convolved or blurred with 
that from the surrounding topography. 

Research Question 2. How strong is the relationship between the metrics of canopy energy 
distribution (R25, R50, R75), which reflect canopy vertical structure distribution, and 
broadleaved and needleleaved forest? 

In our study, the metrics of canopy energy distribution (R25, R50 and R75), which reflect canopy 
vertical structure distribution, showed little relationship with broadleaved and needleleaved forest. 
These metrics were used as input parameters in SVM classification of broadleaved and needleleaved 
forests, however, it ended up with the Kappa statistic value of 0, which means they are incapable of 
separating the two types of forest. 

Research Question 3. How strong is the relationship between the metrics of statistical 
characteristics of decomposed Gaussian curve slopes (AGS, SGS), which reflect canopy vertical 
stratum characteristics, and broadleaved and needleleaved forest? 

The metrics of statistical characteristics of canopy return part of the decomposed Gaussian curve 
slopes of the waveforms (AGS, SGS and Modified SGS, or MSGS), which reflect canopy vertical 
stratum characteristics, showed a strong relationship with broadleaved and needleleaved forest. The 
lowest accuracy and Kappa statistic achieved by the metrics combinations of the three metrics applied 
to SVM classification to classify these two types of forest was 88.68% and 0.7406 respectively (by 
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AGS, SGS and MSGS), and the highest accuracy and Kappa statistic of 90.57% and 0.7868 (by AGS 
and MSGS), respectively. 

Research Question 4. Which combination of the derived metrics can best predict the presence of 
broadleaved and needleleaved forests? What is the accuracy of the classification? 

The metrics combination of AGS and MSGS can best predict the presence of broadleaved and 
needleleaved forests. The accuracy of the classification is 90.57%. 

Research Question 5. How strong is the relationship between the metrics and mixed broad-
/needle-leaved forest? 

The metrics combination, AGS and MSGS, that best predicted the presence of broadleaved and 
needleleaved forest failed to distinguish mixed broad-/needle-leaved forest from broadleaved and 
needleleaved forests. 
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6. RECOMMENDATIONS 

6.1. Metrics Derivation Method 

The relief correction model (Lefsky et al., 2005) is suggested for use in future work to be able to 
develop a more powerful and automatic metrics derivation method. It is an obstacle to separate canopy 
return from ground return so as to derive the proposed metrics in the study, which has also been for a 
long time a problem in other researches. By employing this relief correction model, the canopy height 
on the up-slope can be got, thus in turn the canopy return range in the waveforms can be calculated 
and identified. In this way, the metrics proposed in this study can be derived from waveforms on 
terrain with larger slopes to some extend, and investigation of the relationship between the metrics and 
different forest types on large slope areas will become possible. What’s more important, it will finally 
eliminate the subjective in ground return determination exist in the many studies and help to identify 
canopy return automatically. 

6.2. Validation Method 

Other ancillary passive optical imagery or forestry survey map from which high accuracy forest type 
information can be retrieved are recommended for future studies. Forest type information of more 
ICESat-GLAS footprints need to be obtained, so that the SVM model developed can be used in a 
much larger validation set to better test the relationship between the metrics and different forest types. 

6.3. Biomass Estimation with Additional Forest Type Information 

The derived forest type information is suggested to be taken into consideration at the third and forth 
phases in forest AGBM estimation process (see Figure 1-3), especially for the studies that are not 
conducted in homogeneous forest areas or forests of consistent horizontal spatial pattern, due to the 
facts that forest biomass may vary considerably between different forest types, even when of similar 
height, density and age. 
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Appendix I Data Collection 

Name of collector:  NF     MF
Date: Plot No. Location:
GPS READING X Aspect: Slope(%):

Y Altitude……….……m
Veg Cover Height(m) Dominant % Total Cover
Strata/Layer Species
High 

Mediam 

Low 

Ground cover % Cover Number of trees with 4-10cm DBH: 
(0 - 2 cm)
Moses
Lichens
Litter
Tufts/trunks
Bare soil
Rocks/stones
Water

Note: BF: Broad leaved Forest; NF: Needle leaved Forest; MF: Mixed Forest

Land Cover Relevee Data Sheet, Wangqing (Jilin) 2007
FP ID: Foresty type:    BF    

% Cover(wood) % Cover(non wood)

Plot Descriptions:

Tree No. Tree species H Tree No. Tree species H
01 61
02 62
03 63
04 64
05 65
06 66
07 67
08 68
09 69
10 70
11 71
12 72
13 73
14 74
15 75
16 76
17 77
18 78
19 79
20 80
21 81
22 82
23 83
24 84
25 85
26 86
27 87
28 88
29 89
30 90
31 91
32 92
33 93
34 94
35 95
36 96
37 97
38 98
39 99
40 100
41 101
42 102
43 103
44 104
45 105
46 106
47 107
48 108
49 109
50 110
51 111
52 112
53 113
54 114
55 115
56 116
57 117
58 118
59 119
60 120

Varibles Measurement (Units: cm, m)
DBH DBH

 
Figure 0-1 Sheet for field data collection 

 
Table 12 Slope correction table 

SLOPE CORRECTION TABLE 
Slope  Radius   Slope  Radius  Slope Radius Slope Radius   Slope  Radius

0  12.62   20  12.74  40  13.10 60  13.63  80  14.28 

1  12.62   21  12.76  41  13.12 61  13.66  81  14.32 

2  12.62   22  12.77  42  13.14 62  13.69  82  14.35 

3  12.62   23  12.78  43  13.17 63  13.72  83  14.39 

4  12.63   24  12.80  44  13.19 64  13.75  84  14.42 

5  12.63   25  12.81  45  13.22 65  13.78  85  14.46 

6  12.63   26  12.83  46  13.24 66  13.81  86  14.49 

7  12.64   27  12.84  47  13.27 67  13.85  87  14.53 

8  12.64   28  12.86  48  13.29 68  13.88  88  14.57 

9  12.65   29  12.88  49  13.32 69  13.91  89  14.60 

10  12.65   30  12.89  50  13.34 70  13.94  90  14.64 

11  12.66   31  12.91  51  13.37 71  13.98  91  14.67 

12  12.67   32  12.93  52  13.40 72  14.01  92  14.71 

13  12.67   33  12.95  53  13.43 73  14.04  93  14.75 

14  12.68   34  12.97  54  13.45 74  14.08  94  14.78 
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15  12.69   35  12.99  55  13.48 75  14.11  95  14.82 

16  12.70   36  13.01  56  13.51 76  14.14  96  14.86 

17  12.71   37  13.03  57  13.54 77  14.18  97  14.90 

18  12.72   38  13.05  58  13.57 78  14.21  98  14.93 

19  12.73   39  13.07  59  13.60 79  14.25  99  14.97 

Unit: Slope‐‐percent; Radius‐‐meter;       100  15.01 
 

Table 13 Main part of the primary field data used in the study 

Plot NO.  Date  Index  Shot  GLAS_X GLAS_Y  DEM_slope Forest_type* Dominant Species 
Slope 

Range** 

1 18/09/07 1217345092 29 617837 4802355 0.42 A     

2 18/09/07 1217345092 28 617865 4802184 1.34 A     

3 18/09/07 1217345092 27 617892 4802013 2.50 A     

4 18/09/07 1217345092 26 617920 4801841 18.18 M Larix ; Quercus   

5 18/09/07 1217345092 21 618060 4800985 13.92 A     

6 18/09/07 1217345092 30 617809 4802526 42.14 B Quercus   

7 20/09/07 1217345102 28 616749 4809049 3.86 A     

8 20/09/07 1217345102 29 616722 4809220 51.63 M Larix ; Pinus sylvestrus  

9 20/09/07 1217345102 30 616694 4809391 49.96 B Quercus   

10 20/09/07 1217345102 31 616667 4809563 38.99 M Quercus, Larix, Betula   

11 20/09/07 1217345102 32 616639 4809735 15.25 B Quercus   

12 21/09/07 1217345112 2 616361 4811454 6.73 N larix   

13 21/09/07 1217345112 1 616389 4811282 18.66 B    15‐20 

14 21/09/07 1217345102 40 616417 4811110 27.28 M Pinus koraiensis   

15 21/09/07 1217345102 39 616445 4810938 27.15 M Acer, Tilia   

16 21/09/07 1217345102 38 616473 4810766 40.00 B Quercus   

17 21/09/07 1217345102 37 616501 4810594 36.25 B Quercus   

18 21/09/07 1217345102 36 616528 4810422 45.27 B Quercus   

19 21/09/07 1217345102 35 616556 4810250 2.91 A     

20 21/09/07 1217345102 34 616584 4810078 10.90 N Larix   

21 21/09/07 1217345102 33 616611 4809906 13.69 B Larix; Betula  10‐15 

22 22/09/07 1217345112 12 616079 4813171 22.60 B Quercus   

23 22/09/07 1217345112 11 616107 4813000 15.41 B 
Quercus; Larix ; 
populus  15‐20 

24 22/09/07 1217345112 10 616135 4812828 41.84 B Quercus, Larix   

25 22/09/07 1217345112 9 616163 4812657 36.77 M larix, quercus   

26 22/09/07 1217345112 8 616191 4812485 36.83 M Larix ; Quercus   

27 22/09/07 1217345112 7 616219 4812313 38.62 B quercus   

28 22/09/07 1217345112 5 616276 4811970 30.15 B Betula ; Larix   

29 22/09/07 1217345112 4 616304 4811797 37.63 B Quercus   

30 23/09/07 1217345082 29 618953 4795489 8.44 B Betula  5‐10 

31 23/09/07 1217345082 28 618981 4795318 29.62 B very diverse   

32 23/09/07 1217345082 27 619010 4795146 21.34 B Betula   20‐25 

33 23/09/07 1217345082 26 619038 4794975 24.20 B Betula ; Populus  20‐25 

34 23/09/07 1217345082 25 619066 4794803 22.28 B Betula  20‐25 

35 23/09/07 1217345082 24 619094 4794632 21.69 B Betula  20‐25 

36 23/09/07 1217345082 23 619122 4794460 12.50 B Betula   

37 23/09/07 1217345082 21 619179 4794117 33.50 B Betula   
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38 23/09/07 1217345082 20 619207 4793945 42.46 B Populus   

39 23/09/07 1217345082 19 619236 4793773 47.33 B Populus   

40 24/09/07 1217345082 9 619516 4792054 48.09 B Fraxinus. Tilia   

41 24/09/07 1217345082 8 619544 4791882 47.46 B Populus,betula (BH)   

42 24/09/07 1217345082 7 619572 4791710 56.54 B Betula ; Populus   

43 24/09/07 1217345082 6 619599 4791538 41.85 B Betula   

44 24/09/07 1217345082 5 619627 4791366 26.50 B Betula   

45 24/09/07 1217345082 4 619654 4791194 33.53 B Betula , Populus   

46 24/09/07 1217345082 3 619682 4791022 28.36 B Populus   

47 24/09/07 1217345082 2 619709 4790850 22.27 B Tilia  20‐25 

48 24/09/07 1217345082 1 619736 4790679 25.87 B Populus ; Betula   

49 26/09/07 1217345072 26 620156 4788108 26.83 B Populus   

50 26/09/07 1217345072 27 620128 4788280 23.07 M Betula ; Picea   

51 26/09/07 1217345072 28 620099 4788451 27.11 M Abies ; Betula   

52 26/09/07 1217345072 29 620071 4788623 37.34 M betula ; Picea   

53 26/09/07 1217345072 30 620042 4788795 42.01 B Betula   

54 26/09/07 1217345072 31 620014 4788966 40.57 N Picea ; Abies   

55 26/09/07 1217345072 32 619986 4789137 20.13 M Betula ; Picea   

56 26/09/07 1217345072 33 619958 4789309 35.13 M Betula ; Picea   

57 26/09/07 1217345072 34 619930 4789480 31.89 B Betula   

58 26/09/07 1217345072 35 619902 4789651 7.71 B Betula  5‐10 

59 27/09/07 1217345072 25 620184 4787936 44.75 N Abies ; Picea   

60 27/09/07 1217345072 24 620213 4787765 27.13 M Picea ; Betula   

61 27/09/07 1217345072 23 620241 4787592 24.07 N Picea  20‐25 

62 27/09/07 1217345072 22 620269 4787420 15.89 N Picea  15‐20 

63 27/09/07 1217345072 21 620298 4787248 10.85 N Abies  10‐15 

64 27/09/07 1217345072 20 620326 4787076 5.59 N Abies, Picea  5‐10 

65 28/09/07 1221245452 30 636720 4819416 4.64 B Betula ; Shwitunga  0‐5 

66 28/09/07 1221245452 31 636698 4819244 16.62 M Populus ; Larix  15‐20 

67 28/09/07 1221245452 32 636677 4819071 25.09 B Populus   

68 28/09/07 1221245452 33 636655 4818899 22.14 B Populus  20‐25 

69 28/09/07 1221245452 34 636634 4818727 18.01 B Populus  15‐20 

70 28/09/07 1221245452 35 636612 4818555 15.48 M larix ; Betula  15‐20 

71 28/09/07 1221245452 36 636591 4818383 9.88 N Larix   

72 28/09/07 1221245452 37 636570 4818210 8.50 M Larix ; Betula  5‐10 

73 28/09/07 1221245452 38 636549 4818038 11.18 N Larix  10‐15 

74 28/09/07 1221245452 39 636528 4817866 10.00 N Larix   

75 28/09/07 1221245452 40 636507 4817694 11.18 BL     

76 29/09/07 1221245452 29 636741 4819589 34.85 BL     

77 29/09/07 1221245452 28 636763 4819762 22.72 B Quercus   

78 29/09/07 1221245452 27 636785 4819934 17.83 B Quercus  15‐20 

79 29/09/07 1221245452 26 636807 4820107 16.55 B Quercus ; betula  15‐20 

80 29/09/07 1221245452 25 636829 4820279 22.73 B Quercus  20‐25 

81 29/09/07 1221245452 24 636852 4820451 18.33 B Quercus, Acer  15‐20 

82 29/09/07 1221245452 23 636874 4820623 18.00 B Quercus  15‐20 

83 29/09/07 1221245452 22 636896 4820795 10.06 B Quercus  10‐15 
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84 29/09/07 1221245452 21 636917 4820968 9.00 B Quercus  5‐10 

85 29/09/07 1221245452 20 636939 4821140 17.23 B Populus  15‐20 

86 29/09/07 1221245452 19 636961 4821312 12.90 B Populus  10‐15 

87 29/09/07 1221245452 18 636983 4821484 14.87 B Populus  10‐15 

88 29/09/07 1221245452 17 637005 4821657 13.69 B Populus ; Quercus  10‐15 

89 30/09/07 1221245452 13 637091 4822348 8.90 B Quercus ; Populus  5‐10 

90 30/09/07 1221245452 12 637112 4822521 8.67 B Betula ; Quercus   

91 30/09/07 1221245452 11 637133 4822693 8.14 M Betula ; larix  5‐10 

92 30/09/07 1221245452 10 637154 4822866 10.81 N Larix  10‐15 

93 30/09/07 1221245452 9 637176 4823038 10.98 B Quercus   

94 30/09/07 1221245452 8 637197 4823211 8.25 B Populus  5‐10 

95 30/09/07 1221245452 7 637218 4823383 8.53 M Populus ; larix  5‐10 

96 30/09/07 1221245452 6 637239 4823556 6.82 B Quercus  5‐10 

97 30/09/07 1221245452 5 637260 4823728 6.90 B Populus ; Betula  5‐10 

98 30/09/07 1221245452 4 637281 4823900 10.60 B Quercus  10‐15 

99 01/10/07 1221245502 32 632375 4784590 7.00 N Picea ; Abies  5‐10 

100 01/10/07 1221245502 34 632332 4784245 8.74 N Abies  5‐10 

101 01/10/07 1221245502 35 632311 4784073 12.63 N Picea  10‐15 

102 01/10/07 1221245502 30 632417 4784935 16.69 N Abies ; Picea  15‐20 

103 01/10/07 1221245502 27 632481 4785454 5.63 M Picea ; Populus    

NOTE: *A‐‐Agriculture land; B‐‐Broadleaved forest; N‐‐Needleleaved forest; M‐‐Mixed forest; BL‐‐Bare land; 

             **Only slope range of the waveforms selected validate for analyisis are displayed here. 
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Appendix II Softwares 

A.  Software used in the study  

Table 14 Software used in the study 

Software  Function 
Microsoft Word, Visio Word processing 
Microsoft Excel Spreadsheets preparation 
ArcGIS Map preparation, Map calculation and Data Visualization 
Matlab, IDL Waveform Pre‐processing 
Microsoft Visual Studio. Net Program developing to derive waveform metrics 
STATISTICA Statistical Analysis 
Weka SVM classification of waveform metrics derived 

 
B.  Brief Guide of Using Weka to classify the Derived Lidar Metrics 

This guide is just a brief introduction of the process of using the Explorer Application in Weka to 
apply Support Vector Machine (SVM) classification to the lidar waveform metrics produced, so as to 
examine their relationship with different forest types. It does not explain the individual data 
preprocessing tools and learning algorithms in Weka. More information about Weka is available on 
the WekaWiki (http://weka.sourceforge.net/wiki/). 
 
1. Launching Weka and loading data 
1) Download and install the latest version of Weka from the website: 

http://sourceforge.net/project/showfiles.php?group_id=5091   
 
2) Launch Weka and select in the menu “Application” -> “Explorer”; 
 

 
 
3) Click on “Open file…” button, and select the prepared waveform metric file in CSV format 

“2007_2005_BN.csv”, which contains the metrics records of 35 broadleaved forest and 18 
needleleaved forest; 
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4) In this case, the relationship between metrics combination of AGS and MSGS (as AVE_ANGLE 
and M_STD_ANGLE shown in the graph respectively) and different forest types are to be 
examined.  In the Attributes box, toggle on the tick boxes of the attributes are not needed, leaving 
only AVE_ANGLE, M_STD_ANGLE and FOREST TYPE, and click on “Remove” button. Then 
only the remaining metrics AGS and MSGS will be used as input parameter in the SVM 
classification in the next step; 

 

 
 
 
2. SVM classification of the metrics 
1) Click on “Choose” button to select a classifier, in our case, “LibSVM” classifier is selected. Then 

the name and initiate parameters of the currently selected classifier will appear in the text field of 
the Classifier box;  
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2) Click on the text box with the left mouse button to bring up the GenericObjectEditor dialog box. 

Then we can configure the options of the current classifier. In our case, we only change the 
kernelType as “linear:u’*v”, and leave other value as default; 

 

 
 
3) Leave the Test options as “Cross-validation, Folds 10”; Click on “Start” button to begin the 

classification and validation process. A moment later, classification result, such as “Detail 
Accuracy By Class” and “Confusion Matrix” can be obtained form the Classifier output box; As 
we can see in the graph, an overall accuracy of 90.566% and Kappa Statistic of 0.7868 were 
produced; 
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4) A visualization of the result can be get by right click on the result shown in the Result list box; 
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Appendix III Results 

Table 15 Metrics derived from all waveforms used in the study 

Dataset  SPOT_ID  R25  R50  R75  AGS*5E‐5  SGS*5E‐5  MSGS*5E‐5
FOREST 
TYPE 

1217345072:35 0.288959676 0.507441382 0.718875292 10.99067274 2.369458478 2.889337497 B 

1217345082:02 0.395572659 0.593358988 0.698432976 4.212606651 2.738648869 2.822671432 B 

1217345082:24 0.290492503 0.518736613 0.726231259 3.232321839 1.251577667 0.638835442 B 

1217345082:25 0.36023678 0.586147981 0.738790684 5.046910735 2.573344937 2.224879205 B 

1217345082:26 0.446528117 0.704140492 0.807185443 15.1962489 17.50871357 15.37442495 B 

1217345082:27 0.311479997 0.523852723 0.707909085 19.25008052 21.61984398 15.91360243 B 

1217345082:29 0.219220217 0.473054152 0.784577618 9.958856999 3.795149557 3.795149557 B 

1217345102:33 0.594251127 0.772526465 0.842756144 9.697007347 11.45149911 15.42125022 B 

1217345112:01 0.551772335 0.698911624 0.787195197 13.18247287 9.541229334 9.541229334 B 

1217345112:11 0.345817462 0.514508907 0.666331208 7.802646466 3.458531465 3.339440112 B 

1221245452:04 0.248523508 0.506605612 0.669101752 12.24469129 9.416340829 7.815434122 B 

1221245452:05 0.262433499 0.541798191 0.90581885 5.42710312 2.005976365 2.005976365 B 

1221245452:06 0.236277986 0.60053988 0.836817866 7.095613649 1.670256401 1.670256401 B 

1221245452:08 0.214713015 0.459041618 0.85885206 6.922015441 2.440526344 2.637323065 B 

1221245452:13 0.262145754 0.63078822 0.8519737 5.675412612 4.00219634 2.428431241 B 

1221245452:17 0.25834265 0.516685301 0.783101159 6.701583821 1.222806175 1.147619951 B 

1221245452:18 0.32606162 0.53619022 0.789793703 2.982973646 0 0 B 

1221245452:19 0.348446685 0.689634065 0.849338796 8.693760695 2.163173249 2.001830736 B 

1221245452:20 0.304562013 0.622967754 0.823701808 7.358339422 3.629250793 4.053791977 B 

1221245452:21 0.3776743 0.635598212 0.81061801 1.960307343 0 0 B 

1221245452:22 0.273617302 0.628306397 0.729646139 6.802798509 2.48617384 2.48617384 B 

1221245452:23 0.311292661 0.499954879 0.707483319 7.874707982 9.210924962 5.110428808 B 

1221245452:24 0.428336316 0.696046513 0.82607718 1.658447072 0.485781368 0.400167125 B 

1221245452:25 0.350640574 0.552933213 0.734996588 3.122331315 1.4067764 0.895597737 B 

1221245452:26 0.256582048 0.466512814 0.730870076 10.21777279 2.381730632 2.223335062 B 

1221245452:27 0.686130864 0.816259131 0.887238186 11.89228838 15.13061129 27.77505385 B 

1221245452:30 0.486157761 0.688723494 0.820391221 4.489337445 2.194804723 2.194804723 B 

1221245452:33 0.302114052 0.59109271 0.801259006 13.18084804 4.666780456 4.666780456 B 

1221245452:34 0.389867284 0.621931143 0.779734567 8.345477414 3.758550887 3.758550887 B 

1217345072:20 0.23368839 0.314270593 0.402911017 53.54705054 0 0 N 

1217345072:21 0.283599662 0.501753249 0.778081125 34.45971977 22.09986644 21.90864684 N 

1217345072:22 0.351303709 0.507438691 0.692848981 31.25247292 10.79051226 10.34309685 N 

1217345072:23 0.405970498 0.592317612 0.772009472 14.27121296 6.750906884 5.944202 N 

1221245452:10 0.258891423 0.420698563 0.663409272 11.48212624 3.811824337 2.303872601 N 

1221245452:38 0.285909804 0.571819609 0.791750228 8.348432934 0.985313034 0.649753712 N 

First‐phase 
data 

1221245502:30 0.311878087 0.511799937 0.735712409 21.06217889 6.474697364 6.514760176 N 
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1221245502:32 0.287065794 0.414650592 0.566157539 22.02701424 4.465007667 5.314263491 N 

1221245502:34 0.323707753 0.462439647 0.601171541 12.81564164 1.895976254 1.895976254 N 

1221245502:35 0.345123875 0.517685813 0.678743621 23.18301739 11.3251505 10.42741775 N 

1221245452:07 0.228041708 0.367809207 0.89009828 6.882931375 0 0 M 

1221245452:11 0.36469878 0.644042527 0.907867177 3.916292596 0.400427312 0.400427312 M 

1221245452:31 0.420481072 0.592496055 0.745398263 3.726224211 0.416752517 0.416752517 M 

1221245452:35 0.468597779 0.744243532 0.840719546 9.570022321 6.159308128 8.147275581 M 

1221245452:37 0.381454715 0.689079485 0.830586879 7.011478137 3.776424812 2.833242973 M 

263028083:25 0.040257287 0.120771861 0.161029148 8.874359011 2.562289603 2.562289603 B 

898951817:18 0.541184097 0.702917275 0.814886398 18.82050585 12.40095443 11.45707319 B 

898951817:27 0.308951823 0.475310497 0.633747329 4.320527918 0 0 B 

898951847:03 0.401740646 0.626715408 0.779376853 29.54178821 26.46667341 24.53977785 B 

898951847:10 0.336741546 0.498377488 0.633074107 2.846666687 0.89740654 0.89740654 B 

902852257:01 0.367702188 0.543892819 0.712422989 7.218349281 4.196263908 3.100654659 B 

898951817:16 0.404509639 0.543559827 0.695250942 44.09826394 0 0 N 

902852247:35 0.284087207 0.403702873 0.530794518 18.57340949 0 0 N 

902852247:36 0.351615832 0.480780832 0.609945831 17.39152312 0 0 N 

902852247:37 0.334687115 0.514275323 0.66121113 18.17677964 3.031656809 3.031656809 N 

902852247:38 0.375071585 0.526542803 0.670801105 9.211816833 0 0 N 

902852257:02 0.354613782 0.531920673 0.691496875 17.39818238 5.462299961 6.00468424 N 

902852257:03 0.345055135 0.495624649 0.633646703 7.416474942 3.876105138 4.50140375 N 

902852257:04 0.378483137 0.53296605 0.672000671 15.64781592 5.051469521 5.24246925 N 

898951817:19 0.329487152 0.461282013 0.593076874 13.70344574 0 0 M 

898951817:20 0.38695352 0.555805965 0.682445299 18.1066889 10.30999007 7.410920384 M 

898951817:21 0.37100331 0.513089684 0.64728237 15.62535497 0 0 M 

898951817:22 0.401529822 0.590485033 0.755820842 34.14792605 32.583067 24.8891153 M 

898951847:05 0.324479911 0.530399854 0.792479782 4.872914843 2.363627878 2.446884995 M 

Second‐
phase data 

902852247:40 0.360520442 0.530766207 0.721040885 10.80138324 0 0 M 

 

Table 16 Confusion matrix of SVM classification of broadleaved and needleleaved forest using AGS 
and SGS as input parameters 

Reference data    

Classified data  Broadleaved Needleleaved Row Total

Broadleaved 34 4 38

Needleleaved 1 14 15

Column Total  35 18 53
 

Table 17 Classification results of broadleaved and needleleaved forest using AGS and SGS as input 
parameters 
Class name  Classified  Number  Accuracy (%)  Kappa 

  
r 

total  correct  Producer  User    

Broadleaved 35 38 34 97.14% 89.47%   

Needleleaved 18 15 14 77.78% 93.33%  

Total 53 53 48       
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Overall Classification Accuracy =   90.57%     0.7808 
 

Table 18 Confusion matrix of SVM classification of broadleaved and needleleaved forest using AGS, 
SGS and MSGS as input parameters 

Reference data    

Classified data  Broadleaved Needleleaved Row Total

Broadleaved 33 4 37

Needleleaved 2 14 16

Column Total  35 18 53
 

Table 19 Classification results of broadleaved and needleleaved forest using AGS, SGS and MSGS as 
input parameters 
Class name  Classified  Number  Accuracy (%)  Kappa 

  
r 

total  correct  Producer  User   

Broadleaved 35 37 33 94.29% 89.19%   

Needleleaved 18 16 14 77.78% 87.50%  

Total 53 53 47       

Overall Classification Accuracy =   88.68%     0.7406 
 

Table 20 Confusion matrix of SVM classification of broadleaved and needleleaved forest using all 
metrics (R25, R50, R75, AGS, SGS and MSGS) as input parameters 

Reference data    

Classified data  Broadleaved Needleleaved Row Total

Broadleaved 33 4 37

Needleleaved 2 14 16

Column Total  35 18 53
 

Table 21 Classification results of broadleaved and needleleaved forest using all metrics (R25, R50, 
R75, AGS, SGS and MSGS) as input parameters 
Class name  Classified  Number  Accuracy (%)  Kappa 

  
r 

total  correct  Producer  User   

Broadleaved 35 37 33 94.29% 89.19%   

Needleleaved 18 16 14 77.78% 87.50%  

Total 53 53 47       

Overall Classification Accuracy =   88.68%     0.7406 
 

 

 

 


