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The study classifies 3D small footprint full waveform digitized LiDAR fused with 

aerial imagery to downed trees using Support Vector Machines (SVM) algorithm. Using 

small footprint waveform LiDAR, airborne LiDAR systems can provide better canopy 

penetration and very high spatial resolution. The small footprint waveform scanner 

system Riegl LMS-Q680 is addition with an UltraCamX aerial camera are used to 

measure and map downed trees in a forest. The various data preprocessing steps 

helped in the identification of ground points from the dense LiDAR dataset and segment 

the LiDAR data to help reduce the complexity of the algorithm. The haze filtering 

process helped to differentiate the spectral signatures of the various classes within the 

aerial image. Such processes, helped to better select the features from both sensor 

data. The six features: LiDAR height, LiDAR intensity, LiDAR echo, and three image 

intensities are utilized. To do so, LiDAR derived, aerial image derived and fused LiDAR- 

aerial image derived features are used to organize the data for the SVM hypothesis 

formulation. Several variations of the SVM algorithm with different kernels and soft 

margin parameter C are experimented. The algorithm is implemented to classify 
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downed trees over a pine trees zone. The LiDAR derived features provided an overall 

accuracy of 98% of downed trees but with no classification error of 86%. The image 

derived features provided an overall accuracy of 65% and fusion derived features 

resulted in an overall accuracy of 88%. The results are observed to be stable and 

robust. The SVM accuracies were accompanied by high false alarm rates, with the 

LiDAR classification producing 58.45%, image classification producing 95.74% and 

finally the fused classification producing 93% false alarm rates The Canny edge 

correction filter helped control the LiDAR false alarm to 35.99%, image false alarm to 

48.56% and fused false alarm to 37.69% The implemented classifiers provided a 

powerful tool for downed tree classification with fused LiDAR and aerial image. The 

classified tree pixels are utilized in the object based region fitting technique to compute 

the diameter and height of the downed trees and the volume of the trees are estimated.  
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CHAPTER 1 
INTRODUCTION 

Hurricane and Natural Disasters Assessment to Vegetation 

Research into detecting the impacts of hurricanes and other natural disasters has 

attracted increasing attention from researchers in carbon cycle study, hazard relief, as 

well as forest management. Hurricanes are major natural disturbances in forest 

ecosystems in the southeastern United States. Statistically, severe hurricanes (Saffir-

Simpson scale 3 and above) make landfall along the western Atlantic and Gulf 

coastlines two out of three years (Smith et al. 1994). The hurricane and its associated 

strong winds are a destructive natural phenomenon that occurs about 40 to 50 times 

worldwide each year (Hoyos et al. 2006). The recent increase in hurricane intensity 

since the late twentieth century has led the ecologists to focus their research towards 

the influence of such natural disasters on vegetation structure (Roth 1992). Catastrophic 

winds from hurricanes and storms are a major cause of natural disturbance especially in 

urban forests. The isolation of an urban forest and influence of humans leads to a 

hindrance in the spontaneous re-growth of vegetation (Burley, Robinson, and Lundholm 

2008). This is often expressed as defoliation of, and structural damage to the trees 

which directly relates to the timber/debris volume lost.  

Increased focus on forest recovery and resource management actions in urban 

forests after natural disturbances requires the estimations of the volume of blow-down 

trees in urban forest stands in order to determine if a significant quantity has been 

affected and for justifying the reimbursement claimed by the communities during the 

recovery operation. Only 15% of the total carbon in destroyed timber is salvaged 

following a major hurricane (McNulty 2002), with the remaining not cleared. One of the 
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primary missions for Federal Emergency Management Agency (FEMA) would be to 

clear the debris after a major hurricane. The need to provide such agencies with the 

extent of the damage is very vital.  The costs of the removal efforts are shared by FEMA 

(75%) and the state (25%). Escambia County, Florida reported approximately 90% of 

the hurricane debris as vegetation debris after hurricane Ivan hit in 2004 (Escambia 

County). Quantifying the downed coarse woody debris can be important for post 

hurricane response. Staudhammer et al. (2009) analyzed the patterns of urban forest 

debris from the 2004 and 2005 hurricanes (namely, Charley, Jeanne, Frances, and Ivan 

in 2004 and Dennis, Katrina, and Wilma in 2005). 

Studies on natural disaster induced forest disturbances (e.g. by hurricanes) follow 

three general directions. The first direction involves qualitative description and 

quantitative measurement of forest damage, and efforts to find influencing factors and 

their relationships to hurricane-induced forest damage using field sampling and 

statistical analysis (Everham and Brokaw 1996), (Foster 1988). This is a traditional 

procedure followed by most ecologists. The second direction, grounded in intensive 

ground inventories, involves projecting forest damage using weather models, 

topographic exposure models and/or ground observations (Boose, Foster, and Fluet 

1994), (Kovacs, Wang, and Blanco-Correa 2001), (Jacobs 2007). The third direction, 

satellite and airborne remote sensing techniques, has been gradually adopted since 

early 2000 by modeling studies (Ramsey et al. 2001), (Kupfer et al. 2008), (Wang and 

Y. Xu 2008). Because traditional ground surveys face limited resources such as time, 

funds, man power, and the extent of spatial and temporal coverage, the remote sensing 

direction is currently being developed for the purpose of assessing forest disturbances 
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with less need of ground survey information. In the past three decades, remote sensing 

has emerged as a unique technique to monitor forest status.  

The forest damages induced by wind storm include defoliation, branch loss, stem 

breakage, uprooting, over story canopy removal, and mortality. Defoliation is the most 

common type of damage, followed by branch loss, snapping and uprooting. For 

example, severe hurricanes cause the mechanical destruction of forest structure (i.e. 

canopy height, vertical stratification and leaf area), and result in a massive transfer of 

biomass to the forest floor (Lodge and W. H. McDowell 1991). 

The categorization based on the physical principles employed to detect forest 

damage are as follows. Firstly, detection based on the change of chlorophyll content 

(Stueve, C. W. Lafon, and R. E. Isaacs 2007), (Lee et al. 2008). Next detection based 

on the change of non-photosynthetic vegetation (Chambers et al. 2007, 1107). Next by 

the detection of the change of leaf water content (Aosier and M. Kaneko 2007). And 

finally, detection based on the structural changes of damaged forests (Dwyer et al. 

1999), (Wiesmann et al. 2001), (Fransson et al. 2002). The latter categorization will be 

the focus of this study. 

Motivation 

The recent hurricane surges in Southeastern gulf coast United States create 

impacts to vegetation structure (Szantoi et al. 2008). After such a natural disaster, 

immediate attention is required to identify damaged and downed trees. Furthermore, a 

best management plan has to be developed for salvage operation, which is borne by 

the local communities but if declared as a federal disaster wherein the costs are taken 

care of by reimbursement programs as designated by the Stafford Act (FEMA 2007). In 

addition, of the reduction of annual harvestable timber and its economic ramifications 
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has to be addressed. (Escobedo et al. 2009) developed hurricane debris assessment 

protocol to report tree debris and damage after a hurricane in Florida. They used on-

ground data from hurricane impacted communities to assess and characterize the 

debris and damage at an urban and community forest level. This is a unique opportunity 

to investigate the use of remote sensing for post-disaster urban vegetation damage 

assessment, and technology that has the potential for improving the effectiveness of 

disaster response activities.  

The motivation for this study evolved from the project for the rapid estimation and 

monitoring of the tree cover change in Florida urban forests due to urbanization and 

hurricanes. The tree cover change was measured by 53 - 0.04 hectare (ha) circular 

plots called UFORE plots. Natural color aerial photograph digital orthophoto quarter 

quadrangles (DOQQs) acquired in 2004 (pre hurricane Ivan photograph) and 2007 (post 

hurricane Ivan photograph) re-sampled to 1m by 1m ground cell size was utilized. The 

study site was the metropolitan area of Pensacola, Florida. The tree types included 

were deciduous, coniferous with shrubs and grass excluded.  Individual tree cover 

crowns were digitized within the 0.04 ha circular plots for the pre hurricane and post 

hurricane photographs. An average of 0.0007 ha (approximately 2%) of tree cover loss 

was calculated for the 53 UFORE plots. The implementation of this method to quantify 

and monitor tree cover by digitization was time consuming, although cost-effective. 

While traditional optical remote sensing has been successful in studying the 

biophysical characteristics of vegetation, quantification of vegetation structure has not 

been much useful (Waring et al. 1995). One factor that has added to the disadvantage 

of traditional optical remote sensing technology  has been the lack of direct relationships 
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between remotely sensed reflectance values and the forest metrics of direct interest 

(e.g. tree density, timber volume, tree heights or mean diameter) (Suárez et al. 2005). 

(Korpela 2007a) concluded that the 3D aerial photography technique derived better 

estimations because the 2D method is susceptible to systematic errors in crown and 

stem diameter estimations. However, the whole process is both costly and time-

consuming. With the 3D mapping inventory technique it is possible to achieve better 

accuracies than with an inventory process based on 2D technique (Holopainen and 

Talvitie 2007).  

In recent years, the use of airborne LiDAR to measure forest and tree level 

characteristics has been rapidly increasing. LiDAR data can provide information about 

the canopy surface and vegetation parameters directly, such as height, tree density, 

and crown dimensions [(Lefsky et al. 2002), (Dubayah and Drake 2000), (Nilsson 

1996)]. The LiDAR derived tree attributes were very similar or much closer to those 

obtained from traditional field inventory derived attributes (Holmgren 2003), (Naesset 

2004). The study by Holmgren (2003) concluded that airborne LiDAR could obtain 

attribute information such as tree height and stem volume within 10m radius plots in a 

forest area. Yu et al. (2004) examined the applicability of LiDAR data in monitoring 

harvested trees using datasets with a point density of about 10pts/m2 over a 2 year 

period. With field inventory data and/or statistical analysis, there was overall 5cm 

accuracy at stand level and approximately 10-15cm accuracy at plot level using object-

oriented image vision analysis and post classification comparison [ibid].  

Using small footprint waveform lasers, airborne LiDAR systems can provide both 

high spatial resolution and canopy penetration. One general problem of most algorithms 
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is that most features cannot be characterized by geometric properties only. To increase 

rapidity, information from other sensors will have to be used. Spectral information and 

texture maybe be valuable sources, especially if the data are acquired synchronously. 

The integration of laser scanning and aerial imagery can be based on simultaneous 

data capturing. The LiDAR data provide accurate height information, which is missing in 

non stereo optical imagery, whereas optical images provide more details about the 

spatial geometry and color information usable for downed tree classification. Hence, it 

makes eminent sense to combine the two methods—we have a classical fusion 

scenario where the synergism of two sensory input data considerably exceeds the 

information obtained by the individual sensors (Korpela 2007b), (Huber et al. 2003). 

Gougeon et al. (2001) studied the synergy between aerial photography and LiDAR data. 

They concluded that the LiDAR data, which are used as a filter to the aerial data or on 

their own, made extremely obvious distinction between the dominant and understory 

level, or regeneration versus ground vegetation, thus permitting separate analyzes.  

Based on the above background study it makes the study of downed tree volume 

estimation very valuable. Such downed trees need to be identified after a natural 

disaster, or sometimes even detected as harvested trees in a timber valuable forest. 

Very few studies were found that focused on volume estimation after a landscape-

altering event had occurred due to the fact it is very difficult to obtain planned data after 

a mishap and during chaos. In addition, no literature was found that reports on the use 

of feature extraction for this specific study using the fusion of LiDAR and aerial imagery.   

Objectives 

The goal of the study is to develop a method to fuse waveform LiDAR and aerial 

imagery using support vector machines classification and region-based object fitting 
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algorithm to better estimate downed tree volume. The specific objectives of this study 

will include: 

1. Assessment of whether the LiDAR only or aerial image only or fusion of LiDAR-
image data is better for accurate downed tree classification,  

2. Determination of the accuracy of downed tree volume that can be estimated by 
such tool.  

Organization of this Study and Contribution 

Chapter 1 serves as necessary background information to the study in this 

dissertation. The main contributions are also listed at the end of the chapter. Chapter 2 

describes the small footprint full waveform digitized return from the LiDAR sensor and 

its measurements are described. The background on the traditional aerial photography 

is explained. Chapter 3 describes the study site and data acquisition. The motivation for 

choosing the study site is explained in this section. The LiDAR data, aerial photography 

and ground truth acquisitions over the study sites are also explained. Chapter 4 

presents the preprocessing approaches on the LiDAR data and aerial image. Chapter 5 

presents the Support Vector Machines technique for downed tree classification. This 

chapter also discusses the feature selection approaches. The results of the 

classification techniques are discussed. The results of the classification techniques are 

discussed in Chapter 6. Chapter 7 details the region fitting object oriented technique 

and its results. Chapter 8 concludes the study with conclusions and future work. The 

main goal of this work is the development of an approach to detect individual downed 

trees using the LiDAR only or aerial image only or fusion of 3D LiDAR data and aerial 

image, which then allows the subsequent estimation of several important tree structural 

parameters.  
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CHAPTER 2 
AERIAL MAPPING TECHNOLOGY 

Airborne Laser Scanning 

Airborne LiDAR (Light Detection And Ranging) is an active remote sensing 

technique (analogous to radar) that can accurately depict the earth surface in a three-

dimensional format by measuring the distance from the sensor to the ground target. 

Different configurations of Airborne LiDAR System (ALS) are currently being used in 

surveying, geosciences and vegetation assessment. An airborne LiDAR sensor sends 

laser pulses to the earth‘s surface and measures the distance associated with the time 

difference between pulse generation and pulse return (Wehr and Lohr 1999). Laser 

ranging in a repetitively pulsed mode in a near-nadir direction is also called laser 

altimetry. When the sensor is flown over the forest canopy, the laser energy interacts 

with leaves and branches and reflects back to the instrument. A portion of the initial 

pulse may continue through the canopy to lower canopy layers, and possibly to the 

ground. The LiDAR systems are composed of a laser sensor, GPS (Global Positioning 

System) receiver, and an INS (Inertial Navigation System) or an IMU (Inertial 

Measurement Unit). By accurately recording the roll, pitch and heading of aircraft with a 

time stamp coincident with the laser measurements and the GPS position, the motion of 

the aircraft can be corrected and precise positions of the laser hits on the ground 

surface can be calculated.  

The acronym LASER stands for Light Amplification by Stimulated Emission of 

Radiation; a powerful highly directional optical light beam can be generated which is 

often very highly coherent both in space and time. Measuring ranges with lasers, two 

major ranging principles are applied: pulse ranging, and phase difference ranging 
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between the transmitted and the received signal. The latter belongs to the continuous 

wave (CW) lasers. Pulse lasers are usually solid state lasers, which produce high power 

output.  

In the past decade, major advances have been made in environmental and other 

non-military ALS applications. These advances have been driven to a large extent by 

increasing technological capabilities of ALS systems (sampling density, multiple pulses, 

positional accuracy, etc.). Remarkably, much of the technological innovation was borne 

by commercial ALS manufacturers and service providers, who entered the field in the 

mid-1990s (Flood 2001). The characteristics listed below vary between airborne LiDAR 

systems built for land surface characterization: 

 The size of the transmitted laser ―footprint‖ or ground instantaneous field-of-view 
ranges from a few centimeters to tens of meters in diameter (depends on the 
beam width of the laser), 

 The pulse repetition frequency, or sampling rate, and scanning pattern used 
during data acquisition, and 

 The receiver‘s ability to capture the information content in the backscatter 
energy, since some sensors record the range to the first and/or last return, while 
others retrieve multiple (discrete) returns, or fully digitize the return signal 
(waveform-resolving). 

The advanced laser altimeters, imaging or scanning LiDARs, are capable of 

scanning the ground surface beneath the airborne platform, resulting in a true three-

dimensional data set. Commonly, for such LiDAR sensors the laser beam sampling 

area, or footprint, is small, usually less than 1 m in diameter and such systems are 

known as small footprint LiDAR. For forestry applications, it is critical that small-footprint 

LiDAR systems capture multiple returns or digitize the entire return signal through the 

canopy. Recent studies have suggested that the optimal experimental design for small 

footprint systems is to capture three echoes per pulse, since less than 1 percent of 
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pulses return a fourth echo, and only about 0.1 percent of pulses return a fifth echo (Lim 

et al. 2003). Large-footprint LiDAR systems have been widely used in forestry to 

determine the vertical distribution of vegetation characteristics since such systems 

digitize the entire return signal.  

Commercial small-footprint airborne laser scanner systems with full-waveform 

digitizing capabilities as depicted in Figure 2-1, have recently become available. The 

potential of these sensors was demonstrated by (Hug, et. al. 2004) based on waveform 

data acquired with the LMS-Q560 manufactured by Riegl (www.riegl.com). This opens 

the possibility of deriving physical observables in addition to the range. Small footprint 

full waveform airborne LiDAR systems offer large opportunities for improved forest 

characterization. Chauve et al. (2009) found that there were 40% - 60% additional 

points in the lower part of the canopy and in low vegetation due to the detection of weak 

and overlapping return echoes in small footprint waveform dataset. 

Aerial Photography 

One of the most common, versatile, and economical forms of remote sensing is 

aerial photography from optical sensors. Aerial photography has been used for several 

decades as a tool in forest management and inventory. Increased spatial resolution 

allows improved characterization of surface features through the separation of small-

scale features, such as canopy foliage and gaps. Historically, analog aerial photography 

has provided a means to manually measure many forest attributes including stand 

density, crown diameter, crown closure, and tree height (Hagan and Smith 1986). With 

the advancement in digital cameras, digital aerial photography has experienced 

remarkable improvements in radiometry, spatial resolution and accuracy. The Ultracam 

is a frame camera system. Rosso, et. al. (2005) studied the applicability of four airborne 
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sensors (ADS40 -1 and -2, Ultracam and DMC) to land surface interpretation. Ultracam 

showed wider range of DN values than ADS40-1.  

Cramer (2005) analyzes the status and the future of digital airborne imaging 

systems and points the direction of the trend to large format cameras. The following 

major trends in digital airborne imaging can be seen: 

The digital airborne imaging world is heterogeneous, considering the various 

applications as compared to the analogue imaging. In addition, these systems are often 

used as a part of the multi-sensor systems, incorporated with GPS/INS sensors and/or 

laser sensors.  

The availability of large-format and small format digital imaging sensors, such as 

for traditional photogrammetric applications, the large format systems (ADS40 (Leica 

Geosystems)), UltracamD (Microsoft) are of interest. Besides this, medium and small 

format imagers (DSS (Applanix Corp.) can be found.   
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Figure 2-1.  Waveform LiDAR (Courtesy: Wagner, W., Hollaus, M., Briese, C. and 
Ducic, V. 3D vegetation mapping using small-footprint full-waveform airborne 
laser scanners 2008) 
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CHAPTER 3 
METHODOLOGY 

Data Processing 

The raw LiDAR data consists of point clouds of irregularly spaced x,y,z values. 

The scan density was high enough to discern downed trees. These points must undergo 

a series of pre-processing steps before the downed trees are extracted. The four main 

preprocessing steps are (1) identification of ground points from LiDAR data, (2) 

segmentation of LiDAR points, (3) haze filtering on aerial image, and (4) selection of 

features from fused LiDAR and aerial image.  

Identification of Ground from LiDAR Dataset  

The effective accuracy and precision for identification of ground points can be 

significantly degraded if vegetation is present. The ground is only identified when laser 

pulses manage to pass through the gaps in the canopy and intercept the ground. Many 

different filters have been proposed to remove non-ground points from LiDAR data, 

several of which are reviewed in (Sithole and Vosselman 2004). The vegetation filter 

designed by (Kampa and Slatton 2004) is used for this process. In this process of data 

segmentation, the adaptive, multi-scale approach is applied directly on the LiDAR point 

data. The algorithm initializes with an empty result and adds LiDAR points using 

progressively smaller search windows and locally interpolated surfaces. The method 

works well for segmenting heavy vegetation LiDAR datasets especially as in forests. 

Segmentation of LiDAR Points  

Once the ground points were obtained through filtering, the points were classified 

as ground, near non-ground and non ground points. The latter two classifications were 

comprised of shrubs and downed trees, and standing trees respectively. The LiDAR 
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data are first segmented based on height differences and larger segments are removed. 

This works well to remove standing tree data because in the forest canopy most of the 

LiDAR returns are from standing trees. Also this approach reduces the size of the 

dataset therefore increasing the efficiency of the algorithm. 

Haze Filtering on Aerial Image  

Signature analysis was applied on the aerial imagery to visualize the 

distinctiveness of the classes in the three bands: red, green and blue. The five classes 

were downed trees, fire-lanes in the forest, ground, standing trees and shrubs. The 

classes of particular interest were the downed trees and fire-lanes since their digital 

values in were approximately the same in all the three bands. When the high frequency 

kernel is used on a set of pixels in which a relatively low value is surrounded by higher 

values the low value gets lower. When used with pixels in which a relatively high value 

is surrounded by lower values the high value becomes higher. The haze reduction filter 

computes a convolution filter to blend the image with a first directional derivative high 

pass filtered version of the image. The haze reduction filter was applied on the aerial 

image and the signature analysis was repeated on the haze reduction filtered aerial 

image. 

Feature selection 

Feature selection is defined as a process of combining an optimum subset of 

features from a huge dataset of features. The end goal of feature selection is to reduce 

the number of features used in the classification as using a smaller feature selection 

may improve the classification accuracy by eliminating noise.  The features selected are 

categorized based on Table 3-1. 
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Support Vector Machines Classification 

Recently there is an increase in the number of researches in Support Vector 

Machines (SVM). SVMs have been successful in a number of applications ranging from 

face recognition, text categorization, bioinformatics, etc to name a few. This technique is 

motivated by statistical learning theory. Support Vector Machines is a classification 

technique based on Vapnik-Chervonenkis (VC) dimension theory and structural risk 

minimization logic (Vapnik 1995). The central idea underlying Support Vector Machines 

is separating data into binary classes using optimal separating hyper planes. In the 

SVM, input vector is projected into high-dimension feature space nonlinearly. In the new 

space, the establishment of a linear decision plane will lead to the production of a 

nonlinear decision plane in original input space. The SVM method has high spread 

ability under the condition of non-prior knowledge and, can solve sparse sampling. 

There are four important kernel functions including; Gaussian Radius Basis Function 

(RBF), Linear, Polynomial and Sigmoid function which are computed in the training 

process. 

Linear Discriminants 

Consider a supervised binary classification problem.  The training data are 

represented by    

 In the first 

case, the assumption is that the two classes are linearly separable. This means that it is 

possible to find at least one hyperplane defined by a vector  with a bias  which can 

separate the classes without error. The vector  determines the orientation of the 

discriminant plane. The scalar  determines the offset of the plane from the origin. 
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There are infinitely many possible separating planes that correctly classify the training 

samples. Geometrically, the optimal hyperplane would be the plane furthest from two 

classes. The hyperplane is defined as  

  (3-1) 

The approach is to maximize the margin between the two parallel supporting 

planes. A plane supports a class if all points in the respective class are on one side of 

that plane. For the data points with class label = +1, there would exist  and  such 

that  or  depending on the class label. Assuming, the smallest 

value of , then . The argument within the decision function is 

invariant under a positive rescaling. By implicitly fixing the scale,  is 

required. Similarly for data points with class label -1, . The plane furthest 

from sets, the distance or margin between the support planes for each class is 

maximized as seen in Figure 3-1. The support planes are moved apart until they meet a 

small number of data points (the support vectors) from each class. The support vectors 

in Figure 3-3 are seen.  

The margin between the parallel supporting planes  and  

is given by . Thus maximizing the margin is equivalent to minimizing . 

The optimal hyper plane can be found by solving the following optimization problem: 

  (3-2) 

subject to    ;  . 

The constraints can be simplified to  
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 (3-3) 

 It is to be noted that the solution only depends on the support vectors. This is due 

to the mathematical concept of duality. The Lagrangian dual of the supporting plane 

quadratic program (QP) yields the following dual QP 

  (3-4) 

Subject to  

 

With this formulation, the optimal hyper plane discriminant function becomes:  

 (3-5) 

Where S is a subset of training samples that correspond to non-zero Lagrange 

multipliers. These training samples are called support vectors. 

Theoretical Foundations 

For linear problems, maximizing the margin of separation reduces the function 

complexity. Thus by explicitly maximizing the margin, the bounds on the generalization 

error are minimized. This leads to better generalization with a high probability. The width 

of the margin is not dependent on the dimensionality of the data. Even with a large 

number of instances or attributes, good performance is expected, thus proving the fact 

that SVMs can significantly reduce over fitting of high dimensional data. Classification 

functions that fit the training data near to perfection are more likely to over fit resulting in 

poor generalization. In Figure 3-2, the plane with smaller width margin can take many 

possible orientations and still separate all the data. In Figure 3-3 the plane with a large 
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margin width has limited flexibility to separate the data. Thus, the complexity of a linear 

discriminant is a function of the margin of separation. The misconception is that the 

complexity of the linear function is determined by the number of variables in the 

problem. But if the margin has a larger width, the complexity of the function can be low 

even if the number of variables is large.  

Non-linear Case  

Linearly inseparable case 

In most cases, classes are not linearly separable, and the constraint of Equation 

(3-3) cannot be satisfied. Thus, the constraints must be relaxed to insure that each data 

point is on its respective side of its supporting plane. Any data point lying on the wrong 

side of its supporting plane is taken to be an error. In conclusion, the margin should be 

maximized simultaneously when the error is minimized. In order to handle such cases, a 

cost function can be formulated to combine maximization of margin and minimization of 

error (Figure 3-6) criteria, using a set of variables called slack variables    to each of 

constraint (measures the error of hyperplane fitting) as follows: 

  (3-6) 

Subject to   

The Lagrangian dual of the QP Equation (3-4) becomes: 

 (3-7) 

Subject to 



 

32 

 

See Cortes and Vapnik (1995) and Vapnik  (1998) for the formal derivation of this 

dual problem. It seen that the difference of the QP formulation between the separable 

case Equation (3-4) and inseparable case (3-7) is the addition of upper bounds on   . 

Until now, the linear discrimination of an inseparable case had been examined. The 

basic principle of the SVM is to construct the maximum margin separating plane. But if 

the linear discriminants are not appropriate for the existing data set, high training errors 

arise, and SVM classification does not work well. 

Nonlinear functions through kernels 

The classification function now is, 

  (3-8) 

If no simple linear discriminant function works well for the SVM classification, a 

nonlinear classification algorithm has to be designed. The best way to convert the linear 

to nonlinear classification algorithm is to add additional attributes to the data set that are 

nonlinear functions of the existing data set. The original input space is mapped to a 

higher dimensional feature space and constructs a linear discriminant in the feature 

space. The problem seen for the nonlinear mapping method due to the high 

dimensionality of the feature space is: (i) over fitting. SVMs are not prone to this 

problem, since it depends only on margin maximization, given that an appropriate value 

of C is decided. (ii) It is not possible to compute . This is simplified by the SVM 

through the use of kernels. When the nonlinear mapping is introduced in QP Equation 

(3-7):  
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  (3-9) 

Subject to 

  

The mapped data only occurs as an inner product in Equation (3-9). By Mercer‘s 

theorem (Sch¨olkopf et al. 1998), the inner product of vectors in the mapping space, can 

be expressed as a function of the inner products of the corresponding vectors in the 

original space.  The inner product operation has an equivalent representation: 

  (3-10) 

where  is called the kernel function. If a kernel function K can be found, this 

function can be used for training without knowing the explicit form of  . The QP 

formulation now becomes: 

 (3-11) 

Subject to 

 

The resulting classifier becomes: 

  (3-12) 

Some of the standard kernels are given in Table (3-2). The linear kernel is the 

simplest kernel function. The Gaussian kernel is by far one of the most versatile 

Kernels. It is a radial basis function kernel, and is the preferred kernel when not much is 
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known about the data being modeled.  This is mainly because of their localized and 

finite responses across the entire range of the real x-axis. The polynomial kernel is a 

non-stationary kernel. It is well suited for problems where all data is normalized. A SVM 

model using a sigmoid kernel function is equivalent to a two layer, perceptron neural 

network. 

Downed tree LiDAR points were identified as true downed tree LiDAR samples. 

The rest were the true non-downed trees samples in the LiDAR data. These were later 

used to build the confusion matrix. The correctly identified samples (true positives) from 

the classification were the total points (in both downed and non-downed trees classes) 

belonging to the respective classes in the true downed tree samples. The 

misclassification samples were points classified as downed trees when it was actually 

non-downed trees and vice versa. The false alarm for downed tree samples was 

calculated as the non-downed tree points classified as downed trees. The overall 

accuracy is the percentage of correctly classified samples to the total samples. The 

same procedure is repeated for image data. As with fused LiDAR and image data, the 

truth model was built by the visual interpretation of combined LiDAR-aerial imagery. 

Few true downed tree points that were not available in the aerial imagery were picked 

up the LiDAR data and vice versa.  

The entire testing dataset was divided into three categories: 

 LiDAR dataset. The features derived from the LiDAR data are classified during the 
experimentation 

 Image dataset. The features derived from the image data are classified during the 
experimentation 

 Image and LiDAR fused dataset. The features derived from the fused image and 
LiDAR are classified during the experimentation 
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Training and Classification Datasets 

The dataset is classified into two classes: downed trees and non-downed trees 

using the features under the following categories: LiDAR derived only, image derived 

only and fused LiDAR and image. As in any supervised classification, the selection of 

training data sets is very important to classify more detail, which results in better 

classification.  

The first training set, constituted only the features of the LiDAR data. The second 

set, constituted only the features of the image data. The final set is a combination of the 

above two training sets to experiment the fusion of LiDAR and aerial image. 

LiDAR training and classification  

The training samples for the downed tree class from the LiDAR dataset was 

selected manually based on visually interpretation of the aerial image with the LiDAR 

returns based on LiDAR intensity, LiDAR elevation and LiDAR return number. The 

LiDAR intensity varied between 0 and 2047 (11 bit). The three features derived from the 

LiDAR data namely, z (elevation), r (return number), and iL (LiDAR intensity) were 

utilized for the SVM classification.  

Image training and classification 

The training samples for the downed tree class from the aerial image dataset was 

selected manually based on visually interpretation of the aerial image based on red, 

green and blue intensity values. The three features derived from the aerial image 

namely, vR (intensity value in red band), vG (intensity value in green band), vB (intensity 

value in blue band) were used to classify downed trees in the aerial image data.  
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Fused LiDAR-image training and classification 

The training samples for the downed tree class from the six features of the LiDAR 

and image (called as fused dataset) was selected after a careful visual interpretation of 

the LiDAR and aerial image and from the above created LiDAR and aerial image 

training datasets. The six features derived from the aerial image and LiDAR namely, vR 

(intensity value in red band), vG (intensity value in green band), vB (intensity value in 

blue band), z (elevation), r (return number), and iL (LiDAR intensity) were utilized for the 

SVM classification.  

Canny Edge Correction Filter 

The support vector machines classifier lead to high rate of false alarm. Therefore 

the Canny edge correction filter is chosen to rectify this. Canny (1986) determined 

edges by an optimization process and proposed an approximation to the optimal 

detector as the maxima of gradient magnitude of a Gaussian smoothed image. The 

Canny edge detector belongs to the class of the gradient operators. Among the edge 

detection methods proposed earlier in the previous section, the Canny edge detector is 

the most rigorously defined operator and is widely used. This is the work John Canny 

did for his Masters degree at MIT in 1983.   

The objective function of the Canny edge detector was designed to achieve the 

following optimization constraints:   

1)  Maximize the signal to noise ratio to give good detection. This favors the 

marking of true positives.   

2)  Achieve good localization to accurately mark edges.  

3)  Minimize the number of responses to a single edge. This favors the 

identification of true negatives, that is, non-edges are not marked. 
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The upper tracking threshold can be set to quite high and lower threshold quite low 

for good results. Setting the lower threshold too high will cause noisy edges to break up. 

Setting the upper threshold too low increases the number of spurious and undesirable 

edge fragments appearing in the output.  Threshold plays an important role in the 

performance of the edge detector as the probability of missing an edge and probability 

of marking false edge depends on the threshold. The thresholds are based on the 

amount of noise in the image. This thresholding technique has been of much 

importance in this research.  

Region Based Object Fitting Technique 

Computation of Geometric Features of Downed Tree Trunks 

Methods are needed that more or less automatically detect object features 

(downed trees) from the classified SVM outputs. The method is a region-based fitting 

method for a closed region. This method, region based object fitting algorithm reduces 

the numerical effort drastically and the fitting is invariant.  

 In this study, computing the shape of a simple polygon is a significant step since it 

is later used to compute the volume of downed trees. Typical results of classification are 

set of points grouped close to each other characterized by contiguity and uniformity. 

Hence each group of points is hypothesized as an individual object or a significant part 

of the parent larger object. Convex hull is defined as a convex envelope for a set of 

points as containing the minimal set of boundary points. The solution of encompassing 

the points with a bounding rectangle is not adopted in this study. The reasoning being, 

the bounding rectangle does not provide the exact structural parameters of the region. It 

exaggerates the length and width of the actual region. The convex hull is visualized by 

imagining an elastic band stretched open to encompass the given object; when 
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released, it will assume the shape of the required convex hull. The focus of this section 

is to compute the convex hull and the furthest edge points above and below major and 

minor axes. The first step is to detect the boundary of the region. The second step is to 

estimate its parameters based on boundary points.  

The approach adopted in this study is similar and a modified approach of the study 

by (Chaudhuri and Samal 2007) for fitting bounding rectangle to closed regions. Here, 

instead of fitting the bounding rectangle, the convex hull is computed.  Most of the 

algorithms utilize the internal points of a region in a segmented image. The geometric 

computation algorithm in this study uses the boundary pixels. It is important to note that 

the closed boundary is computed without the edge detection approach to determine the 

boundary pixels of the objects (i.e. downed trees).  

Overview of the Approach 

There are six steps in this approach. It starts with the classified binary image from 

the SVM classification result in which the downed trees are identified. The boundary of 

each of the individual trees is computed using convex hulls. Using these boundary 

points, the centroid of the object is computed. The next step is to find the major and 

minor axes of the object by using the boundary points. Then the upper and lower 

furthest points with respect to the major and minor axes are found. The next step is to 

compute the width and the length of the object using the furthest points. Finally, the 

volume is computed using the width as the dbh (diameter of the downed tree at breast 

height) and length as the height of the downed tree.  
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Convex Hull 

This problem starts with identifying the boundary pixels for each region from the 

previous SVM classification results. Also the centroid and the orientation of the region 

can be determined using the boundary pixels. 

Let R be a simple region or polygon in the finite unordered set of points with b 

boundary points or vertices. Assume that X = {b1, b2,…,bn) is given by a linked list of 

boundary points as they are encountered in the counter clockwise direction of the 

boundary where each boundary point characterized by its    and    coordinates. The 

convex polygon whose vertices are the set of extreme points of R is called the convex 

hull of X. For more reading on the preliminaries and theory on convex hull, refer to 

Graham and Yao (1983).  

Centroid of the Region 

In geometry, the centroid of an object X is the intersection of all straight lines that 

divide the figure X into equal parts of equal moments about the line. Informally, it is the 

average of all points of X.  Considering a region X in R2 where  are 

the boundary points of X computed using the convex hulls. The centroid is defined as 

the center of the polygon and with point of intersection of the diagonals. Following this, 

the centroid of the object X is defined as: 

 

Computation of Major and Minor Axes 

Let  be the boundary points of the object X. Let θ be the angle 

of the major axis of the polygon to the horizontal axis. 
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The equation of the line passing through  at an angle θ is given by  

;………………….(since  

The above equation is the major axis of the bounding rectangle 

The minor axis is given by: 

 

The perpendicular distance of a boundary point   to the line in eq. (above 

major axis)   

The sum of perpendicular distances is calculated as: 

 

By minimizing A, angle   can be computed (differentiate A w.r.t.  ) 

 

The authors Chaudhuri and Samal (2007) had used the similar standard formula 

to compute the directions of the principal axes, with the difference, the boundary or 

edge pixels are used to compute the axes instead of the inside pixels. Logically, since 

there are fewer boundary pixels, this approach proved to be computationally efficient.  

Computation of the Corner Edge Points of the Region 

The corner edge points of region (object X) will identify the sides of the polygon of 

the object X. Such points are found relative to the major and minor axes. This would be 

expressed as: 

Assume a point  on a straight line  is written as: 
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Let  be the n boundary points of the object. The equation of 

the major axis is  

 

Substituting the value  and  in the left side of the above equation  

 

 If V > 0 then   is an upper boundary point with respect to the major axis.If V 

< 0 then  is a lower boundary point with respect to the major axis. If V = 0 then 

 lies on the major axis. Using this property, all the points on the boundary of the 

object can be classified as upper, lower or on with respect to the major axis. Now, the 

furthest among the upper and lower boundary points can be easily determined.  

Similarly, all the upper and lower furthest boundary points of the object with 

respect to the minor axis   can be found. Then the furthest of 

boundary points of both upper and lower with respect to the minor axis can be 

determined.  

Downed Tree Volume 

The volume content of a tree is normally estimated using traditional volume tables 

or equations which require the measurement of tree diameter (dbh) and height. Using 

such measures, the estimation of total downed tree volume can be made by assuming 

the tree has a particular form. This study hypothesizes that the tree is cylindrical in 

shape. The width of the above computed object would be the diameter and the length 

would be the height of the cylinder. The volume is then expressed as: 
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Figure 3-1.  Supporting planes with support vectors 

 

 

Figure 3-2.  Many possible minimum width margin planes 
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Figure 3-3.  One maximum margin plane 

 

 

Figure 3-4.  Plane selected to maximize margin and minimize error 
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Table 3-1.  Feature selection 
Features Symbol 

Range  
Height value: The height value associated with each point in the point cloud 

 
z 

Echo 
Return Number 

 
r 

Intensity 
Image intensity: red, green, and blue. Value number corresponds to the 

response of the terrain and non-terrain surfaces to visible light 
LiDAR Intensity: Along with height values, airborne LIDAR contains the 

amplitude of the response reflected back to the laser scanner. This is the 
near IR range (1068nm) 

 
vR vG vB 

 
iL 

 
 
Table 3-2.  Standard kernels 

  

    
Linear   

Radial basis function (RBF) 

 

Polynomial degree d  

Sigmoid  
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CHAPTER 4 
MATERIALS 

Study Site 

The approximately 12 hectare experimental site (depicted in Figure 4-1) is on the 

University of Florida‘s Austin Cary Memorial Forest near Gainesville, Alachua County, 

Florida. The area of study (compartment 17) was occupied by old mixed stands of slash 

and longleaf pine. The entire experimental area was prescribe-burned during April, 2009 

for understory removal of saw-palmetto and common shrubby oaks. The objectives for 

the prescribed burn were to improve light penetrations and make gaps between 

canopies, in order to have more returns of LiDAR from the understory details so that 

fallen trees could be well detected. As many as 60 dead trees were felled for the study.  

Data Acquisition 

The objective of the data acquisition mission is to demonstrate for the first time 

that small footprint waveform digitization laser scanners are capable of detecting single 

downed trees in a long leaf pine forest zone. Another objective was to show that image 

vision techniques can be applied to retrieve important downed tree characteristics. For 

that purpose it was important to collect range data as perpendicular to the ground as 

possible to minimize shadowed areas formed by to the standing trees that hinders the 

reflectivity of the fallen trees. High number of laser hits was required in order to be able 

to detect individual downed trees. Steep scan angles enable sufficient number of 

ground laser hits while scan angles more than 10o off-nadir decrease the number of 

actual laser hits on the ground and gaps in point clouds (seen as holes in DEMs) occur 

more frequently. The profiling capability of the laser sensors has far advanced recently. 

In this study, unlimited returns (discretized waveform returns) from the number of target 
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echoes such as in a forested environment are acquired. A laser scanner with high 

measurement density and steep scan angle was selected for the study. Reigl LMS-

Q680 is one such system with its full waveform laser scanner (echo digitization and 

online waveform analysis), to measure the full waveform of the returned signal up to 

300kHz (http://www.rieglusa.com/products/airborne/vq-480/pdf/DataSheet_VQ-480_30-

09-2008_PRELIMINARY.pdf).  

Aerial Cartographics of America (ACA) Inc., acquired the LiDAR and aerial 

imagery datasets along the Austin Cary Memorial Forest during January 2010. This 

resulted in 9.4 cm (3.7 in) aerial imagery acquired from an altitude of 1304 m (4278 ft). 

The images had red, green and blue bands. The small footprint full waveform LiDAR 

was flown at an altitude of 366m. The intensity data were also recorded. The absolute 

accuracy was 2 – 7cm. These parameters resulted in a mean ground point density of 10 

points/m2.  

The test site was intensively flown from a low altitude (approximately 400m), with a 

resulting measurement density equivalent of at least 10 points/m2. The survey altitude 

was half of the normal use in order to acquire the number of pulses needed to separate 

individual trees. Due to the low flying altitude, the swath width was reduced. Acquired 

points of the category of the first echoes mostly hit canopies, whereas last echoes of the 

LiDAR are reflections of the ground and near ground features which was the main focus 

of this study. Simultaneously, intensity data that is reflected by the objects in the target 

area, was recorded with high radiometric resolution in LiDAR data. This type of data is 

especially useful to differentiate objects with same height but different emission 

characteristics (e.g. grass, roads and tree trunks). Together with LiDAR intensity 

http://www.rieglusa.com/products/airborne/vq-480/pdf/DataSheet_VQ-480_30-09-2008_PRELIMINARY.pdf
http://www.rieglusa.com/products/airborne/vq-480/pdf/DataSheet_VQ-480_30-09-2008_PRELIMINARY.pdf


 

48 

(reflectance) and aerial imagery recorded at the same time, various segmentation and 

classification techniques is exploited extensively, using Data Fusion.  

Laser Scanner 

 Riegl LMS-Q680 

 In a typical ranging setup, the direct ranging measurement is determining the 

time-of-flight of a light pulse, i.e., by measuring the travelling time between the emitted 

and received pulse. The travelling time of a light pulse is: 

t=2 R/c  (4-1) 

 R - distance between the ranging unit and the object surface 

  c - speed of light 

From Equation (4-1) the range resolution, ∆R, which is directly proportional to the time 

resolution ∆t, can be derived: 

∆ R= 1/2 c ∆t (4-2) 

A traditional LiDAR system has limitations concerning the number of recordable 

pulse reflections. New full waveform scanners overcome this drawback, since they 

record the entire laser pulse echo as a function of time. Therefore, detailed information 

about the geometric and physical characteristics of the tree structure can be derived 

and used to retrieve more sophisticated and precise vegetation structures. 

Figure 4-1 illustrates a measurement situation where three measurements are 

taken on different types of targets. The red pulse denotes the laser signals travelling 

towards the target with the speed of light. When the signal interacts with the reflecting 

target surface, a fraction of the transmitted signal is reflected towards the laser 

instrument (as shown in the blue signals). 
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 Case 1, the laser pulse hits the canopy first and causes three distinct echo pulses. 
A part of the laser pulse hits the ground giving rise to another echo pulse. 

 Case 2, the laser signal is reflected from a flat surface at a small angle of 
incidence yielding an extended echo pulse width.  

 Case 3, the pulse is reflected by a flat surface at perpendicular incidence resulting 
in one echo pulse with a shape identical to the transmitted laser pulse.  

As depicted in Figure 4-2, the first (red) pulse related to a fraction of the laser 

transmitted pulse, and the next three (blue) pulses correspond to the reflections by the 

branches of the tree; and the last pulse corresponds to the ground reflection. 

The long range RIEGL LMS-Q680 airborne laser scanner makes use of a powerful 

collimated laser source and a digital full waveform processing. It gives access to 

detailed target parameters by digitizing the echo signal with high laser pulse repetition 

rates up to 240kHz, and measurement rates up to 160,000 measurements/sec 

(www.riegl.com). The ranging accuracy is up to 20mm with the high scan speed up to 

200 lines/sec and a field of view of up to 60⁰. The most comprehensive information from 

the echo signals is extracted with the full waveform LiDAR data. 

Airborne Camera 

 Microsoft UltraCamX camera 

The camera used in this study is the UltracamX (Microsoft Corp.); it was 

introduced in 2006 to the commercial market as the large format digital aerial camera. It 

has a radiometric resolution of 12bits or better and simultaneous infrared acquisition. 

The camera consists of the sensor unit, the onboard storage and data capture system, 

the operators interface panel and two removable data storage units. Table (4-1) lists the 

specification. 
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The UltraCamX (UCX) employs 7.2 micrometer pixels and thus achieves an even 

larger format at 216 gross pixels (14,430 across track x 9,420 along track), means fewer 

flight lines, and with better radiometric performance. The improved optical system 

maintains image sharpness and high radiometric range well into corners of each image. 

The UCX collects pixels at a sustained rate of 3GBits/sec which supports automated 

image analysis.  The concept of the UCX camera, is the arrangement of four lenses 

mounted along the flight direction. These are used in conjunction with the multiple CCD 

area arrays (9 CCD pan, 4 CCD color) to produce the pan and color images. The 

shutter on each lens is triggered in a time sequence so that each is exposed from a 

single position in the air. The nine individual pan images are then stitched together to 

form the final composite pan image. The UCX sensor head (Figure  4-3 A) consists of 8 

camera heads. Four of them contribute to the large format panchromatic image. These 

four heads are equipped with a total of 9 CCD sensors in their four focal planes. The 

focal plane of the so called Master Cone (M) carries 4 CCDs (Figure 4-3 B). 
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Figure 4-1.  Study area 

 

 

Figure 4-2.  Working principle of full waveform LiDAR 
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A  B 
 

Figure 4-3.  UltraCamX sensor. A. UCX sensor head. B. Arrangement of CCD sensors 

 

Table 4-1.  Technical Data and Specification for UltraCamX sensor unit 
Technical Data UCX Sensor Unit 
Panchromatic Channel 
Multi cone multi sensor        concept 4 camera heads 
Image size in pixel (cross track/along track)   14430 * 9420 pixel 
Physical pixel size       7.2 micron 
Physical image format (cross track/along track)    103.9 mm * 67.8 mm 
Focal length        100 mm 
Lens aperture        f = 1/5.6 
Angle of view (cross track/along track)     55° / 37° 
Multispectral Channel 
Four channels (Red, Green, Blue, Near Infrared)   4 camera heads 
Image size in pixel (cross track/along track)    4992 * 3328 pixel 
Physical pixel size       7.2 micron 
Physical image format (cross track/along track)    34.7 mm * 23.9 mm 
Focal length        33 mm 
Lens aperture        f = 1/ 4 
General 
Shutter speed options       1/500 sec – 1/32 sec 
Forward motion compensation      TDI controlled, 50 pixels 
Frame rate per second       1 frame in 1.35 sec 
A/DC bandwidth       14 bit (16384 levles) 
Radiometric resolution       > 12 bit /channel 
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CHAPTER 5 
RESULTS 

Data Processing Results 

The processing is done in the MATLAB and ArcGIS environments.  

Identification of Ground from LiDAR Dataset  

The LiDAR dataset is very dense, with a high number of LiDAR hits on the ground 

and near ground features. Table 5-1 demonstrates the percentage of LiDAR hits with 

near-ground features. The results show that the near ground features are able to be 

resolved with the given LiDAR dataset. Figure 5-1 shows the ground points from LiDAR 

dataset.  

Segmentation of LiDAR Points  

The segmentation is done based on height differences. This approach reduces the 

size of the dataset. The three segments are ground points, near-ground points (shrubs 

and downed trees) and non-ground points. The results are visually shown in Figure 5-2. 

Haze Filtering on Aerial Image  

Figure 5-3 depicts the spectral signatures of the five classes: downed trees, fire 

lanes, shrubs, standing trees and ground. Downed trees and fire-lanes had high 

reflectance values but overlapping (mixed) signatures. 

Figure 5-4 depicts the spectral signatures of the same five classes after the haze 

reduction filtering has been applied. The classes of downed trees and fire-lanes had 

distinct signatures. The signature of the downed tree was flat and had very high 

brightness values in the three bands. Figure 5-5 visually compares the haze filtered 

aerial image with the non haze filtered aerial image.  
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Feature Selection 

The features selected from the LiDAR dataset are done as follows. The 

segmented near non-ground (NNG) points class data with a pixel size of 0.10m is 

selected since this class has all the downed tree returns. Range (z) is locally 

interpolated in the NNG LiDAR class using the minimum value of z in each pixel (Figure 

5-6). The zoomed Figure 5-6 shows the LiDAR hits on the downed tree with minimum 

range values in the near ground LiDAR points class. Echo (r) is locally interpolated 

using the last return number for the pixel (Figure 5-8). LiDAR intensity (iL) is locally 

interpolated using the maximum value in each pixel (since downed trees have high 

intensity values in LiDAR data) (Figure 5-7). Image intensities (vR (value in red band), vG 

(value in green band), vB (value in blue band)) from the aerial image are drawn from the 

signature analysis results. The pixel size of the image is 0.10m.  
 

 
Support Vector Machines Classification Results

  

The support vector machines (SVM) classification algorithm is implemented with a 

modified version of the LIBSVM software ((Chih-Chung Chang and Chih-Jen Lin 2001). 

All variables are scaled to the range [0, 1] to avoid values in larger numeric ranges. In 

this classification study, we focus testing (i) kernel types and (ii) penalty parameter of 

the error (C); see Chapter 3 for a discussion on the importance of the kernel types and 

the variable C, where C provides the tradeoff between the margin maximization and 

error minimization. 
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Training Results 

LiDAR training  

The training samples for the downed tree class from the LiDAR dataset was 

selected manually based on visually interpretation of the aerial image with the LiDAR 

returns based on LiDAR intensity, LiDAR elevation and LiDAR return number. The 

LiDAR intensity varied between 0 and 2047 (11 bit). The downed trees specifically had 

very high intensities especially above 400. There were some returns with low intensity 

values but belonging to downed tree class too. Such a feature was exhibited by returns 

under a closed canopy. Their values were attenuated.  But interestingly the LiDAR 

downed trees returns had high intensity values under shadowed open canopy (values 

above 600) (Figure 5-9) compared to their image intensity counterpart which had lower 

intensity values. The previous studies have discussed that the training sample of around 

1% of the total dataset for the SVM classification would result in good classification 

accuracy. Within the overall current dataset of approximately 5.5 million points 821 

points were true downed tree LiDAR points. The total LiDAR points in the 5.5 million 

dataset was approximately 70 000 points. It is to be noted that these 70 000 points were 

segmented data from the LiDAR processing stages thus eliminating further 

computations and saving time and efficiency. All the datasets were resampled to 0.10m 

pixel size. The point spacing of the LiDAR dataset was 0.25m. The training dataset 

constituted approximately 1% of the overall LiDAR points. The non-downed tree training 

of the training LiDAR dataset had 237 (237 samples out of 69000 true non downed tree 

samples: 0.03%) samples and downed tree training had 177 (177 samples out of 821 

true downed tree samples: 22%) samples.  The results of the classification are 

discussed in the following sections. 
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Image training 

The training samples for the downed tree class from the aerial image dataset was 

selected manually based on visually interpretation of the aerial image based on red, 

green and blue intensity values. The downed trees specifically had very high intensities 

above 250 in each of the band. These conclusions were derived after the signature 

analysis on the haze reduction filtered aerial image in Chapter 3 (see Chapter 3 for 

more details). There were some samples of downed trees with low intensity values but 

belonging to downed tree class too. Such a feature was exhibited by intensity values 

under a closed canopy due to obstruction of the standing trees, and shadows of the 

standing trees as some of the reasons. Within the overall current dataset of 

approximately 5.5 million points 5227 points were true downed tree image points. The 

non-downed tree training of the training image dataset had 982 samples and downed 

tree training had 1011(1011 samples out of 5227 true downed tree samples: 19%) 

samples.  The results of the classification are discussed in the following sections. 

Fused LiDAR-image training 

The training samples for the downed tree class from the six features of the LiDAR 

and image (called as fused dataset) was selected after a careful visual interpretation of 

the LiDAR and aerial image and from the above created LiDAR and aerial image 

training datasets. Within the overall current dataset of approximately 5.5 million points 

5289 points were true downed tree image points. The non-downed tree training of the 

training image dataset had 1031 samples and downed tree training had 1052(1052 

samples out of 5289 true downed tree samples: 20%) samples.  The results of the 

classification are discussed in the following sections. Table 5-2 provides the training 

samples for the three categories of SVM training. 
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Kappa Coefficient  

Kappa analysis (Cohen 1960) was applied to evaluate the confusion matrices 

derived from the classification. The kappa coefficient  was computed as 

equation (5-1). 

          (5-1) 

Where, 

𝑟  is the number of rows in the matrix, 

 𝑖𝑖   is the number of observations in row i and column i ,  

 𝑖+ and  are the marginal totals of row i , and column i , respectively, and 

N is the total number of observations.  

In this study, kappa coefficient was calculated as a measure of classification 

accuracy. A kappa coefficient was computed for each matrix, which measures how well 

the classification result agrees with the reference data.  

Classification Results 

The results from this study show a comparison of the accuracy assessments from 

three categories of LiDAR, image and fused LiDAR-image datasets. The kernels 

experimented with for this classification: linear, sigmoid, radial basis function (RBF) and 

the polynomial function kernels (with degrees 1through 4). The broad variation in the C 

values tested was: C = 10, 50, and 100. 

LiDAR classification result 

The three features derived from the LiDAR data namely, z (elevation), r (return 

number), and iL (LiDAR intensity) were utilized for the SVM classification. The training 

𝑘  

𝑘 =  
𝑁  𝑖𝑖

𝑟
𝑖=1 −    𝑖+ ∗  +𝑖 

𝑟
𝑖=1

𝑁2 −    𝑖+ ∗  +𝑖 
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set had a total of 414 pixels and the testing data was 5 493 107 pixels. Table 5-3 

reports the results from the classification using only LiDAR features. The obtained 

results were better than 90% accuracy using all kernels. Even though the downed trees 

class had a severe data imbalance with the non-downed trees class, which made the 

accuracy assessment a challenge. The effect of the kernels utilized had very slight 

variations in the classification results. Inconsistent results resulted from using the 

sigmoid kernel function with lower values of C (i.e. C = 10). But as the penalty 

parameter of the error C value increases the sigmoid kernel function was seen to 

behave consistently similar to the other kernel types. Testing has been performed in 

order to determine how robust the algorithm is to variations in C; C trades between 

margin maximization and minimum error. Table 5-4 reports the accuracy from the 

classification with the three values of C with and without the sigmoid kernel. Figure 5-10 

shows the classification accuracy using the different kernels and corresponding C 

values. The classification results were not affected by varying values of C except for the 

sigmoid kernel. The sigmoid kernel is seen converging for increasing values of C.  

Table 5-5 reorganizes the accuracy results to identify the two types of errors – 

misclassified points by correct class (Error I) and misclassified points by prediction 

(Error II). These errors were less than 2% for both classes for the binary SVM 

classification of LiDAR data. A false positive is considered a non-downed tree point 

being classified as a downed tree point, and the true positive is a downed tree point 

being classified as a downed tree point. [Note: Total samples = 5,493,107, True downed 

tree samples = 821, true non-downed tree samples = 5491152 correctly classified 
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samples = 5,491,958, overall accuracy = 99.96%, kappa coefficient 𝑘 = 0.99]. Figure 5-

11 visually depicts the LiDAR classification of downed trees. 

Image classification result 

The three features derived from the aerial image namely, vR (intensity value in red 

band), vG (intensity value in green band), vB (intensity value in blue band) were used to 

classify downed trees in the aerial image data. The training set consisted of 1993 pixels 

and the testing data was 5,493,107 pixels. Table 5-6 reports the results from the 

classification using only image features in the four different kernel (Linear, Sigmoid, 

RBF and Polynomial) functions. The obtained results were better than 60% accuracy 

using the kernels mentioned. The effect of the kernels utilized had variations in the 

classification results. The use of linear, sigmoid and RBF kernels results in 

approximately 60% classification accuracy. But the polynomial kernel provided a 

classification accuracy of about 97% at the cost of high false alarm. This is attributed to 

the mix of intensity values of the fire lanes, some soil properties and downed trees.  The 

second reason for the high rate of false alarm is attributed to the fact that the 

classification scheme is pixel based. Therefore each pixel has the same weight during 

the classification. Figure 5-12 provides the false alarm for downed trees in image data 

as compared to LiDAR data. It is seen clearly that there is a high rate of false alarm of 

downed trees in aerial image classification results due to the reasons given above. The 

false alarm rate of LiDAR classification is not comparably low. The overall high rate of 

false alarm is justified due to the severe data imbalance of the two classes: downed 

trees and non-downed trees.  
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Testing has been performed in order to determine how robust the algorithm is to 

variations in C; C trades between margin maximization and minimum error. Table 5-7 

reports the accuracy from the classification with the three values of C with and without 

the polynomial kernel. Although the variations in C did not affect the classification 

accuracy drastically except for the polynomial. For increasing values of C, the linear, 

sigmoid and RBF were providing consistent results and the polynomial is seen 

converging. The overall classification of downed trees using aerial image derived 

features is 69.5%. Figure 5-13 shows the classification accuracy using the different 

kernels and corresponding C values.  

Table 5-8 reorganizes the accuracy results to identify the two types of errors – 

misclassified points by correct class (Error I) and misclassified points by prediction 

(Error II). Error I is reported as 35.09% and Error II as 95.72%for the binary SVM 

classification of image data. A false positive is considered a non-downed tree point 

being classified as a downed tree point, and the true positive is a downed tree point 

being classified as a downed tree point. [Note: Total samples = 5495556, True downed 

tree samples = 3393, true non-downed tree samples = 5,411,626 correctly classified 

samples = 5,415,019, overall accuracy = 64.91%, kappa coefficient 𝑘 = 0.65]. Figure 5-

14 visually depicts the image classification of downed trees. 

LiDAR-image fused classification result 

The six features derived from the aerial image and LiDAR namely, vR (intensity 

value in red band), vG (intensity value in green band), vB (intensity value in blue band), z 

(elevation), r (return number), and iL (LiDAR intensity) were utilized for the SVM 

classification. The training set consisted of 2083 pixels and the testing data was 



 

61 

5493107 pixels. Table 5-9 reports the results from the classification using the six 

LiDAR-image fused features in the four different kernel (Linear, Sigmoid, RBF and 

Polynomial) functions. The obtained results were better than 80% accuracy for downed 

tree classification using the kernels mentioned. The effect of the kernels utilized had 

variations in the classification results. The use of linear, sigmoid and RBF kernels 

results in approximately 80% classification accuracy. But the polynomial kernel provided 

a varied classification accuracy of about between 95% and 87% at the cost of high rate 

false alarm.  

Table 5-10 reports the accuracy from the classification with the three values of C 

with and without the polynomial kernel. Although the variations in C did not affect the 

classification accuracy except for the polynomial and RBF kernels. For increasing 

values of C, the linear, sigmoid and RBF were providing consistent results and the 

polynomial is also seen converging when C = 100. The overall classification of downed 

trees using aerial image derived features is 87.5%. Figure 5-15 shows the classification 

accuracy using the different kernels and corresponding C values. The linear and 

sigmoid kernels provided consistent results. The RBF and polynomial kernels provided 

higher accuracy for lower values of C (C = 10) at the cost of higher false alarm rate. But 

the latter two kernels is seen converging to similar results for C = 100. Figure 5-16 

provides the false alarm for downed trees in the three classification categories. It is 

seen clearly that there is a high rate of false alarm of downed trees in the fused LiDAR-

image classification results.  

Table 5-11 reorganizes the accuracy results to identify the two types of errors – 

misclassified points by correct class (Error I) and misclassified points by prediction 
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(Error II). Error I is reported as 11.87% and Error II as 92.81%for the binary SVM 

classification of fused LiDAR-image data. Error I of 11.87% even with a high false alarm 

provides a superior classification results compared to the image only classification 

results. The higher accuracy is achieved by fusing the LiDAR features with the image 

features. The superior classification accuracy of the fused dataset even with a highly 

imbalanced dataset is achievable because of the contribution of the LiDAR derived 

features. Some of the pixel intensity values of fire lanes and soil which had the same 

high intensity values as downed trees in the aerial image were better differentiated in 

the fused classification since the LiDAR intensity values was dissimilar between the fire 

lanes, soil and downed trees. A false positive is considered a non-downed tree point 

being classified as a downed tree point, and the true positive is a downed tree point 

being classified as a downed tree point. Figure 5-17 visually compares the LiDAR – 

image classification using the linear and polynomial kernels. 

LiDAR no classification result 

In addition to the Error I and Error II in the confusion matrices above, a special 

analysis has been done for the LiDAR classification. This error is termed as ‗no 

classification‘ error.  Although the LiDAR SVM formulation provided very good results 

(better than 90% accuracy in detecting downed trees using the LiDAR derived features 

in the LiDAR data), there were not sufficient LiDAR hits on all the downed trees in the 

study area. The total number of true downed tree LiDAR pixels was only 821 compared 

to the fused LiDAR-aerial image true downed tree pixels being 5829. Therefore, in real 

scenario not all downed tree pixels are identified in the LiDAR SVM classification. This 

result is reported as no classification error of 86% (5023 pixels out of 5829 true downed 
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tree pixels not classified) of downed trees not classified by the LiDAR SVM formulation 

in the study area.  

Image intensity-LiDAR intensity based classification result 

The success of combination of intensity features: vR (intensity value in red band), 

vG (intensity value in green band), vB (intensity value in blue band), and iL (LiDAR 

intensity) in the fused image and LiDAR data are experimented. The training sample 

size and test data are the same as the fused classification with the exception of LiDAR 

return number and LiDAR elevation. Table 5-12 reports the classification accuracy, false 

alarm rate, and kappa coefficient. The classification accuracy of downed trees is 88% 

being comparable to fused image-LiDAR results. The importance of doing this analysis 

is to interpret the contribution of each of the LiDAR features, in this instance, LiDAR 

intensity. The false alarm rate is high at 92% which is the similar false alarm rate as 

fused image-LiDAR features but lower than the rate of image features only. Therefore, 

LiDAR features (LiDAR intensity) controls the false alarm rate than just the image 

derived feature SVM classification. Figure 5-18 A shows the result visually.  

Image intensity-LiDAR elevation based classification result 

The success of combination of image intensity vR (intensity value in red band), vG 

(intensity value in green band), vB (intensity value in blue band), and LiDAR elevation z 

(elevation) features in the fused image and LiDAR are experimented. The training 

sample size and test data are still the same as the fused classification. The effect of 

utilizing only the LiDAR elevation along with the image intensity is analyzed. Table 5-13 

reports the classification accuracy, false alarm rate, and kappa coefficient. The 

classification accuracy of downed trees is 85% compared lower to fused image-LiDAR 

results. The importance of doing this analysis is to interpret the contribution of the 
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LiDAR elevation to the fused image-LiDAR SVM classification. The false alarm rate is 

high at 94% which is the slightly higher false alarm rate as fused image-LiDAR features 

but lower than the rate of image features only. Therefore, LiDAR elevation controls the 

false alarm rate better than just the image derived feature SVM classification, but higher 

than the LiDAR intensity contribution to the fused image-LiDAR classification of downed 

trees. Figure 5-18 B shows the result visually. 

Image intensity-LiDAR return number based classification result 

The combination of image intensity vR (intensity value in red band), vG (intensity 

value in green band), vB (intensity value in blue band) and LiDAR return number r 

(return number) in the fused image and LiDAR classification are experimented. The 

training and test sample size are the same as the fused classification. Table 5-14 

reports the classification accuracy, false alarm rate, and kappa coefficient. The 

classification accuracy of downed trees is 87% compared same to fused image-LiDAR 

results. The importance of doing this analysis is to interpret the contribution of the 

LiDAR return number to the fused image-LiDAR SVM classification. The false alarm 

rate is high at 96% which is higher false alarm rate as fused image-LiDAR features and 

comparable to rate of image features classification only. Therefore, LiDAR features 

(LiDAR return number) controls the false alarm rate better than just the image derived 

feature SVM classification, but higher than the LiDAR intensity contribution to the fused 

image-LiDAR classification of downed trees. The results of the image intensity fused 

with LiDAR return number is visually shown in Figure 5-18 C. 

Effect of SVM and Kernel Parameters 

Training an SVM finds the large margin hyperplane, i.e. sets the parameters w and 

b (Equation 3-1 in Chapter 3). The SVM has another set of parameters: the soft margin 
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constant, C (penalty of error), and any parameters the kernel function may depend on, 

for example, the width of the RBF kernel or degree of the polynomial kernel. Certain 

parameters such as the width of the RBF kernel are beyond the scope of this study. The 

first discussion is with the soft margin constant. The parameter C represents the 

tradeoff between minimizing the training set error and maximizing the margin. For a 

large value of C a large penalty is assigned to errors, resulting in the hyperplane coming 

close to several other data points. When C is decreased, these points become margin 

errors, providing a much larger margin for the rest of the data.  

Many datasets in practical situations and applications are unbalanced, i.e. one 

class contains a lot more samples than the other class. Unbalanced datasets can 

present a challenge when training the classifier and SVMs are no exception. The normal 

approach for producing a high-accuracy classifier on imbalanced data is to classify any 

sample dataset to the majority class. While highly accurate under the standard measure 

of accuracy such a classifier is not very useful. This approach is followed in this study. 

The non-downed tree class has a larger sample size compared to the ‗actual interested 

class of downed trees. One way to handle this case would have been to assign different 

costs/penalty parameters to each class.  

Large margin classifiers are known to be sensitive to the way features are scaled. 

The main advantage of scaling is to avoid attributes in greater numeric ranges 

dominating those in smaller ranges. The second advantage is to ease the numerical 

difficulties during the calculation. Because kernel values usually depend on the inner 

products of feature vectors, large values might cause numerical problems. Therefore it 

is essential to normalize the data. The accuracy of SVM can severely degrade if the 
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data are not normalized. Normalization can be performed at the level of the input 

features. As in many other applications, each feature is measured in a different scale 

and has a different range of possible values. Table 5-15 reports the ranges for each of 

the feature used in this study. The normalization adopted in this study was by 

normalizing each feature to be a unit vector. Normalizing data to unit vectors reduces 

the dimensionality of the data by one since the data is projected to the unit sphere. This 

procedure is good for high dimensional dataset as in this study but not suitable for low 

dimensional data.  

 The RBF kernel nonlinearly maps samples into a higher dimensional space, in 

cases where the relationship between the class and features are non-linear. The 

second reason for the RBF being a reasonable choice is the number of hyper-

parameters, which influences the complexity of the model. For example, the polynomial 

kernel has more hyper-parameters than the RBF kernel. If the number of features are 

large (which is not true in this study, maximum number of features is six), there is no 

need to map data into a higher dimensional feature space. That is to say, that the non-

linear kernels do not improve the performance. In such instances, linear kernels are 

good enough and only the value of C is used as the hyper-parameter. In this study, the 

number of samples/instances is much larger (approximately 5.5 million points) than the 

features (six features). In such cases, the data are mapped to a higher dimensional 

feature space using the non-linear kernels. In case of LiDAR classification, superior 

results were achieved regardless of the kernel type and C values. The reasoning is the 

LiDAR dataset is well processed, segmented to remove most of the unwanted data 

points to ease the computation. The shortcomings are the point spacing and overall 
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samples being classified. The point spacing of the LiDAR dataset is 0.25m which given 

the present technology is considered high resolution LiDAR data, but compared to the 

image resolution of 0.10m, it is not superior. The overall number of LiDAR points 

considered for classification was 70000 points compared to the 5.5 million points for 

image classification. From within the 70000 LiDAR points the downed trees of 

approximately 800 points were very accurately classified with the LiDAR classification. 

The rate of false alarm is controlled well with the LiDAR data. In case of the image 

classification, reasonable results with an overall accuracy of 65% is achieved but with a 

high false alarm rate of 97% compared to the LiDAR false alarm of 60%. The 

polynomial kernel with lower values of C produced superior results but converged with 

the other kernels for increasing values of C. This is attributed to the mixture of intensity 

values in the red, green and blue bands for the various classes within the aerial image. 

Although the haze filtering produced distinct signatures, there was still a conflict of 

intensity values between some fire lanes‘ pixels, soil pixels and the downed tree pixels. 

This led to the high false alarm rate.  

When all the six features from the LiDAR and image dataset were fused, the 

overall classification accuracy of downed trees was 88%. This was better than the 

image based classification. Therefore it is concluded that LiDAR derived features when 

fused with image derived features produced better results. However, the false alarm 

rate is still high. Compared to the LiDAR elevation (z) and the LiDAR return number (r ), 

the LiDAR intensity produced the comparatively better results when fused with image 

intensity. 
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Canny Edge Correction Filter Result 

The false alarm rate from fusion results above is very high (Figure 5-19). The 

Canny edge correction filter is applied on the classification results. Figure 5-20 show the 

before and after Canny edge results. The final classification accuracy decreased slightly 

(Figure 5-21) but at the cost of drastic decrease in the false alarm rate (Figure 5-22). 

These results were carried into the region fitting algorithm.  

 

Region Based Object Fitting Results 

The Canny edge correction - fused LiDAR-image classification result is utilized for 

this object based region fitting technique. Only the downed tree class results are used to 

fit the objects. The downed trees with continous points (more than five points in any 

direction) are considered for fitting the objects. This considerably reduced the inclusion 

of noise (speckled misclassified points from the classification result). The first step was 

the fitting of convex hull. The convex hull returns the 2-D convex hull of the points (x,y) 

where x and y are column vectors. The convex hull K is expressed in terms of a vector 

of point indices arranged in a counter clockwise cycle around the hull. The fitting on 

convex hull to one downed tree is shown in Figure 5-23 A. The centroid of the region is 

computed along with the major and minor axes. Finally the furthest boundary points with 

respect to the major and minor axes are determined. The above parameters are shown 

in Figure 5-23. Figure 5-24 shows all the downed trees computed from the region based 

object fitting technique. 

Using the furthest boundary points the width (diameter) and length (height) of the 

downed trees are calculated. The computed width is the diameter of the downed tree 
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and computed length is the height of the downed tree. These are substituted to 

calculate the volume.  

The region based object fitting technique has been successfully applied to 

calculate the volume of the downed trees. Total of 64 trees were fitted with a miss of 

five trees. An overall accuracy of 92.3% of the downed trees was detected with this 

technique. Two trees were not fitted well due to the noise from the misclassification. 

One of them is shown in Figure 5-26.  

Figure 5-25 shows the five selected trees for the object based region accuracy. 

The trees were measured manually in the field against the algorithm estimated 

parameters. The diameters and the height of the tree trunk are measured (dm, hm) and 

estimated (dc, hc). The diameter closer to the trunk is measured in the field. The volume 

is calculated and the error in the volume is calculated using the Equation 5-2. 

ΔV/V = 1 – (dm/dc)
2(hm/hc)          (5-2) 

A method for fitting of convex hull is presented above. The approach is based on 

the boundary points as opposed to internal points of the region of interest. The 

approach is simple and is based on simple geometry. Since this method depends on the 

boundary and furthest boundary points of the object, this is considered as a novel fitting 

method for binary images. The boundary points are fitting using the convex hull 

process. The center of the object based on boundary points is computed by the 

estimated averaging x and y coordinates of the boundary points. Using these boundary 

points, the directions of the major and minor axes are determined. Using this orientation 

of the object, the four furthest vertices of the object are computed. These vertices help 
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to calculate the width and length of the individual downed trees. This approach provides 

a direct method to compute the diameter and length of the downed tree object.  

The results of the parameter estimation are discussed as follows. Five trees were 

measured in the field and the same trees computed values from the algorithm were 

compared. The estimated diameter as in Table 5-16 shows the error ranging between 

5% and 38%. The highest error which was recorded for tree number one was due to the 

algorithm computing the incorrect diameter. This is attributed to the noise in the 

classified data, and the width of the tree was incorrectly computed. The computation 

error is shown in Figure 5-26. Similarly the height of the tree for the five downed trees 

were computed and measured as shown in Table 5-17. The estimated height shows the 

error ranging between 4% and 24%. Finally the volume of individual tree is estimated 

based on measured and computed parameters as shown in Table 5-18. Tree number 

one resulted in approximately 50% error due to the incorrect computations from the 

algorithm but lower errors on other trees. Such estimates could be used for disaster 

management applications by local and federal agencies.  
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Table 5-1.  LiDAR hits with near ground and ground features 
Non Ground  LiDAR points Ground and near ground LiDAR points 

3718845 
(52.65 %) 

3344592 
(47.35%) 

 
Table 5-2.  Training samples 
 `Training Category Training Samples 

1. LiDAR ONLY features 414 

2. Image ONLY features 1993 

3. LiDAR Image fused features 2083 

 
Table 5-3.  Classification accuracy of downed trees using different kernels using LiDAR 

data 
Kernel Accuracy (%) 

Linear 98.72 
92.33 
98.05 
98.05 
98.05 
98.05 
98.05 

 

Sigmoid 

RBF 

Polynomial deg 1 

Polynomial deg 2 

Polynomial deg 3 

Polynomial deg 4 

 
Table 5-4.  Classification accuracy of downed trees in LiDAR data using different values 

of C with and without the sigmoid kernel  
C Accuracy (%) 

with sigmoid kernel without sigmoid kernel 

C - 10 96.65 98.09 
98.09 
98.09 

 

C - 50 97.96 

C - 100 98.02 

  

 
Table 5-5.  Confusion matrix of the LiDAR SVM Classification  

CLASS Downed Tree Non Downed Tree I Error (%) 

Downed Tree 806 15 1.83 

Non Downed Tree 1134 5 491 152 0 

II Error (%) 58.45 0  

 
Table 5-6.  Classification accuracy of downed trees using different kernels using image 

data 
Kernel Accuracy (%) 
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Linear 64.92 
62.21 
65.01 
97.55 
97.55 
97.55 
97.55 

Sigmoid 

RBF 

Polynomial deg 1 

Polynomial deg 2 

Polynomial deg 3 

Polynomial deg 4 

 
Table 5-7.  Classification accuracy of downed trees in image data using different values 

of C with and without the polynomial kernel  
C Accuracy (%) 

with polynomial kernel without polynomial kernel 

C - 10 72.42 64.05 
61.86 
61.36 

 

C - 50 68.87 

C - 100 67.25 

  

 

Table 5-8.  Confusion matrix of the image SVM Classification with 𝑘 = 0.65 

CLASS Downed Tree Non Downed Tree I Error (%) 

Downed Tree 3393 1834 35.09 

Non Downed Tree 76290 5411626 1.39 

II Error (%) 95.72 0  

 
Table 5-9.  Classification accuracy of downed trees using different kernels using fused 

LiDAR-image data 
Kernel Accuracy (%) 

 

Linear 88.15 
84.63 
88.32 
95.93 
95.93 
95.93 
95.93 

Sigmoid 

RBF 

Polynomial deg 1 

Polynomial deg 2 

Polynomial deg 3 

Polynomial deg 4 

 
 
Table 5-10.  Classification accuracy of downed trees in fused LiDAR-image data using 

different values of C with and without the polynomial kernel  
C Accuracy (%) 

with polynomial kernel without polynomial kernel 
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C - 10 89.26 87.03 
86.16 
86.33 

C - 50 86.60 

C - 100 86.68 

  

 

Table 5-11.  Confusion matrix of the fused LiDAR-image SVM Classification with 𝑘 = 
0.88 

CLASS Downed Tree Non Downed Tree I Error (%) 

Downed Tree 5138 692 11.87 

Non Downed Tree 66367 5420911 1.21 

II Error (%) 92.81 0  

 
Table 5-12.  Classification accuracy of downed trees using fused intensity data 

Features Classification 
accuracy (%) 

False 
alarm (%) 

Misclassification 
(%) 

Kappa 𝑘  

vR, vG, vB, iL 88.00 92.54 13.63 0.88 
     

 
Table 5-13.  Classification accuracy of downed trees using fused image intensity-LiDAR 

elevation data 
Features Classification 

accuracy (%) 
False 

alarm (%) 
Misclassification 

(%) 
Kappa 𝑘  

vR, vG, vB, zL 84.68 94.10 18.11 0.85 
     

 
Table 5-14.  Classification accuracy of downed trees using fused image intensity-LiDAR 

return number data 
Features Classification 

accuracy (%) 
False 

alarm (%) 
Misclassification 

(%) 
Kappa 𝑘  

vR, vG, vB, rL 86.91 95.74 15.16 0.87 
     

 
 
 
Table 5-15.  Data ranges of the features 

Features Data range 

Image red - vR 0-255 (8 bit) 
Image green - vG 0-255 (8 bit) 
Image blue - vB 0-255 (8 bit) 

LiDAR intensity - rL 0-2048 (11 bit) 
LiDAR return number - r 0-7 
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LiDAR elevation - z 10-18m 

 
Table 5-16.  Parameter estimation - diameter 
Tree  Measured (cm)  Computed (cm)  Error (%)  

1  25  40  37.5  
2  29  30  3.33  
3  22  20  10.00  
4  32  30  6.67  
5  19  20  5.00  
 
Table 5-17.  Parameter estimation - height 
Tree  Measured (m)  Computed (m)  Error (%)  

1  9.2  7.0  23.91  
2  9.5  8.6  11.63  
3  9.3  8.7  6.32  
4  7.1  6.5  8.45  
5  8.1  7.8  3.70  
 
Table 5-18.  Parameter estimation - volume 
Tree  Measured (m3)  Computed (m3)  Error (%)  

1  0.45 0.88 48.66 
2  0.63 0.61 3.22  
3  0.35 0.27 29.34  
4  0.57 0.46 24.28  
5  0.23 0.25 6.28 
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Figure 5-1.   Ground points from LiDAR dataset 
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Figure 5-2.   Segmentation of LiDAR points. The legend provides the segments. 
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Figure 5-3.   Signature analysis on the (non haze filtered) original aerial image 
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Figure 5-4.   Signature analysis on the haze reduction filtered aerial image 
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A  B 

Figure 5-5.   Haze filtering on aerial image. A: Haze filtered aerial image, B: Non-haze 
filtered aerial image 
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Figure 5-6.   LiDAR range values on a transparent aerial image 
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Figure 5-7.   LiDAR intensity values on a transparent aerial image 
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Figure 5-8.   LiDAR echo values on a transparent aerial image 
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Figure 5-9.   Part of downed tree shadowed (circle) from standing trees. Red highlight 
over point of interest with LiDAR intensity = 677 and corresponding image 
intensity [RGB] = [62 73 73] 
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Figure 5-10.   Classification accuracy of downed trees in LiDAR data using different 
kernels and C values 
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 Figure 5-11.   LiDAR SVM classification visual 
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Figure 5-12.   Comparison of false alarm of downed trees in LiDAR and image 
classification 

 

  

Figure 5-13.   Classification accuracy of downed trees in image data using different 
kernels and C values 
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Figure 5-14.   Image SVM classification visual 
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Figure 5-15.   Classification accuracy of downed trees in LiDAR-image fused data using 
different kernels and C values 

 

  

Figure 5-16.   Comparison of false alarm of downed trees in LiDAR, image and fused 
LiDAR-image classification 
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Figure 5-17.   Fused LiDAR-image SVM classification visual 
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   A  

B     

C     

Figure 5-18 .  Image and individual LiDAR SVM classification. A: Image intensity – 
LiDAR intensity, B: Image intensity – LiDAR elevation, C: Image intensity – 
LiDAR echo 
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Figure 5-19.   SVM classification with high false alarm rate 
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A   B 

Figure 5-20.   Canny edge correction filter. A: Before filtering, B: After filtering 
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Figure 5-21.   Classification accuracy before and after the Canny edge correction filter 

 

 



 

94 

 

Figure 5-22.   False alarm rate comparison before and after Canny edge correction filter 
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Figure 5-23.   Region based object fitting parameters 
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Figure 5-24.   Extracted downed trees 
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Figure 5-25.   Trees selected for accuracy estimation 
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Figure 5-26.   Error in estimating tree parameters 
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CHAPTER 6 
CONCLUSIONS AND FUTURE DIRECTIONS 

Conclusions 

Small footprint full waveform LiDAR technology can provide spatially dense 

coverage over forest canopies and penetrates the canopy by illuminating the ground 

and understory through small gaps in the crown layer. These advantages, relative to 

other remote sensing technologies, such as passive optical allow identification of 

individual downed trees and estimation of their structural parameters. But due to the 

sparse hits on the downed trees, the fusion of aerial images has added to the 

advantage of detection downed trees. An assessment of the fusion of LiDAR and aerial 

imagery for accurate downed tree classification is done using the support vector 

machines algorithm. 

The entire process was initially developed on the raw point cloud data to avoid 

loss of 3D information from interpolating the point data to images. Working on point data 

with high point density requires more computational time. But this was alleviated by 

dividing the area into smaller patches. Later, the LiDAR segmented data and aerial 

imagery were fused using the derived features from both datasets. The proposed 

algorithm performs very well overall for the LiDAR derived features only classification 

(overall accuracy = 99%) but lower rate of false alarm. The lowest accuracy occurred for 

aerial image only classification (overall accuracy = 65%) for downed trees. However, the 

performance was more than 20% better when the fusion of LiDAR and aerial imagery 

(overall accuracy = 88%) occurred with the major contributing feature being the 

intensity. The results confirm that fusion of small footprint full waveform digitized LiDAR 

and aerial imagery can be utilized for the extraction of downed trees and closely related 
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applications. The effect of the kernels such as linear, sigmoid, radial basis and 

polynomial provided stable performance with LiDAR classification results. The effect of 

the penalty parameter C which determines the tradeoff between a hard classification 

and soft margin classification had a major effect on the sigmoid kernel in LiDAR data 

classification but not on the other kernels tested. It was proved that as the value of C 

increases the sigmoid kernel behaved consistently as the other kernels. In case of the 

aerial image only classification, the polynomial kernel performed exceeding better than 

the other kernels but with a very high rate of false alarm. With the fusion of LiDAR and 

aerial image classification, the results improved better than the image only classification 

results but with the polynomial kernel performing better than other kernels yet with high 

rate of false alarm. The study has proved that LiDAR proves a valuable contribution to 

the extraction of downed trees.  

In applications that involve only the identification of downed trees, the LiDAR data 

only could provide the accurate locations and extent of such features. In order to 

accurately extract the downed trees for structural estimation purposes, the fusion of 

LiDAR and high resolution aerial imagery could yield better results. The SVM 

accuracies were accompanied by high false alarm rates, with the LiDAR classification 

producing 58.45%, image classification producing 95.74% and finally the fused 

classification producing 93% false alarm rates The Canny edge correction filter helped 

control the LiDAR false alarm to 35.99%, image false alarm to 48.56% and fused false 

alarm to 37.69% The application of threshold applied Canny edge correction technique 

lowered the false positive percentage with a slight decrease in downed tree accuracy.  

The LiDAR accuracy decreased from 98.17% to 95.74%, the image accuracy 
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decreased by 2% dropping to 63.17% and the fusion of LiDAR and image classification 

of downed tree accuracy decreasing from 88.15% to 87.30%. Such estimations could 

be useful inputs for disaster management processes.  

 

Future Work 

In the proposed tree classification technique, the various other features of LiDAR 

and imagery were not utilized, for e.g., image texture, image edges, image color filter, 

and LiDAR mean vector between all the returned pulses, LiDAR standard deviation, 

LiDAR normalized height. One general problem of most algorithms is that most features 

cannot be characterized by geometric properties only as with the LiDAR elevation and 

LiDAR echo properties. To increase rapidity, information from other sensors will have to 

be used. The extraction of proper features from the fused dataset could yield better 

results. The kernels are their respective parameters could be well studied in future 

works. For example, the Gaussian width γ could be utilized. In the present study, only 

the kernels types and variable C are tested and analyzed. Optimal value of C can be 

computed from cross validation of the dataset. This is a time consuming search process 

but can yield better results for customized values of C for the particular dataset. The 

relationship between the intensities in the aerial image and small footprint full waveform 

LiDAR is another interesting component within the fusion scenario especially if the near 

infra red reflectance is obtained with the aerial image. In the present study, the near 

infra red data is not available for the aerial image.  

For future studies, fusion of LiDAR and aerial image to detect downed trees after a 

natural disaster will be continued because such information is necessary for providing 

timely post disaster response efforts from the federal agencies. Such fusion techniques 
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encompass more information than single sensor datasets, but also contain redundant 

information. The redundant information can be filtered. To achieve optimal results over 

sites other than those examined here (particularly if those sites contain tree species 

other than Loblolly and slash pine), the technique should train the algorithm using local 

ground truth data. It would be interesting to test the robustness of the classification 

algorithm on natural forests after a disaster and determine how much accuracy is 

obtained. The performance would depend, however, on the nature of the understory. 

LiDAR data obtains fewer returns from the understory than from the upper canopy and 

ground. Finer representations of understory forests by denser spatial and vertical 

resolution are expected to yield better accuracy in individual downed tree and tree 

parameter estimations. This may also remove the need of fusing the optical passive 

images with LiDAR data. 
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