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Abstract 

Wetlands have received intensive interdisciplinary attention as a unique ecosystem 

and valuable resources. However, many wetlands in the world are poorly mapped, 

infrequently mapped or unmapped due to the poor accessibility of wetlands.  

As a new technology, the airborne LiDAR system has been applied in wetland 

research. However, most of the studies used only one or two LiDAR observations to 

extract either terrain or vegetation in wetlands. This research aims at developing new 

methods to integrate both spatial and radiometric information provided by the 

airborne LiDAR system to improve mapping and classification of wetlands.  

To guarantee the accuracy of classification result, the input LiDAR attributes need to 

be ascertained. For the radiometric information of LiDAR data, proper normalization 

of the return strength image from the whole survey is needed. In this study, a novel 

automatic method is proposed to reduce intensity errors in large scale and multiple 

strips projects. The method considers both intensity discrepancies in strip overlaps 

and specular reflections in nadir regions. An overlap-driven adjustment is firstly 

used to remove discrepancies and then, a Phong model weighted filter is used to 

correct specular reflections in nadir regions. Significant improvement in the 

radiometric image is demonstrated by a 4 strip project over a wetland area of the 

Yellow River Delta (YRD), China. 

After that, the potential of LiDAR‘s multiple attributes (DSM, DTM, off-ground 

features, Slope map, multiple pulse returns, and normalized intensity) and other 
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information (aerial photos and tidal data) for wetland classification has been 

exploited, based on a multi-level object-oriented classification method. By using this 

method, we are able to classify the YRD wetland into eight classes (wet meadow, 

forested swamp, Phragmites, Low Land, impervious surface, river, sea, and intertidal 

zone), which provides much more details than conventional remote sensing methods. 

The overall classify accuracy is 92.5% which is better or similar to other remote 

sensing methods. 
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Chapter 1 Introduction 

1.1 Wetland classification and LiDAR  

Wetlands are unique because of their hydrologic conditions and their roles as 

ecotone between terrestrial and aquatic systems and provide unique habitats for an 

extensive variety of flora and fauna (Mitsch and Gosselink, 2007). They are 

recognized as one of the most valuable natural resources as breeding, rearing, and 

feeding grounds for many kinds of plants and animals, and also benefit mankind in 

many ways. In recent years, the value of wetlands has been recognized by more and 

more researchers in different disciplines as they perform a myriad of functions in the 

ecosystem (Tiner, 1999). However, wetlands are disappearing at an alarming rate all 

over the world because of direct or indirect consequences of human activities, such 

as settlement, urban and agricultural expansion, as well as hydrological alterations 

due to reservoir construction (Nielsen et al., 2008). The loss of wetlands and the 

heightened awareness of their value have resulted in the need for better 

understanding of their functions and for finding more effective ways to manage 

them.  

Wetlands managers and scientists found that effective management of wetlands 

needs knowledge of different wetland types, their coverage and distributions which 

can be derived from wetland classification (Mitsch and Gosselink, 2007). It is 

particularly important for evaluating biodiversity, wetlands functions, assessing the 

influence of wetland alteration and considering potential wetland restoration.  

Wetland classification can be done in many different ways ranging from labor 
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intensive field surveying to the application of remote sensing technology. In the past, 

surveys were conducted by in situ visits (Kent and Coker, 1992). Due to the poor 

accessibility of wetlands, it was difficult, time consuming and expensive to execute 

especially for large regions. Remote sensing imagery presents many advantages over 

field work in monitoring and investigating wetlands, as it is an efficient, rapid, and 

cost-effective technology. Early classifications were mainly based on the visual 

interpretation of aerial photography to identify the location, boundaries and types of 

wetlands. Later, Landsat MSS, TM, SPOT, AVIRIS and Radar are the major satellite 

systems that have been applied to wetland studies (Hirano, 2003; Li et al., 2005; 

Töyrä and Pietroniro 2005; Baker et al., 2006; Belluco et al., 2006). Some studies 

also showed that hyperspectral remote sensing has been quite promising in 

distinguishing coastal wetland vegetation species (Rosso et al., 2005; Wang et al., 

2007).  

Wetland classification has been proved difficult using satellite remote sensing 

imageries (Sader et al., 1995; Stehman et al., 2003; Wickham et al., 2004) as the 

existence of highly context-dependent in both spectral and spatial characteristics 

(Wright and Gallant, 2007). Remote sensing imageries are restricted to the horizontal 

plane of spectral signature, only providing two-dimensional information, and cannot 

penetrate vegetation canopies thus lacking the ability to describe the vivid vertical 

distribution of wetland vegetation structures. Although stereo image processing can 

derive 3D, this process is indirect, time and effort consuming. Seldom researchers 

used stereo images for wetland study, because it is difficult to find conjugate points 
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for each image pair. In addition, no single type of data can provide accurate and 

reliable classification results (Lee and Shan, 2003). Its limitations also include the 

lack of ability to separate different wetland types, such as separating wetlands from 

upland forests or agricultural land (Mitsch and Gosselink, 2007), and mapping 

wetland vegetation which has similarities between upland vegetation and low land 

vegetation (Özesmi and Bauer, 2002). Moreover, the sensitivity and accuracy of 

images have been shown to fall with increasing aboveground biomass and leaf area 

index (Turner et al., 1999).  

In an effort to improve the accuracy and efficiency of wetland classification, there 

has been a rapid increase in the use of Light Detection and Ranging (LiDAR) 

technology. LiDAR technology, which directly measures the distance between the 

platform and targets, provides a robust way to acquire terrain information accurately 

and effectively by combining the information offered by GPS (Global Positioning 

System) and IMU (Inertial Measurement Unit). The key advantage LiDAR has over 

image-based classification is the ability to get three-dimension coordinate directly 

and to penetrate vegetation, thus allowing the acquisition of terrain information 

hidden by vegetations. These characteristics have been exploited for applications 

such as prediction of forest stand characteristics (Means et al., 2000), beach 

topography mapping (Mason et al., 2006), determination of wetland vegetation 

height (Genc et al., 2004); monitoring spatial-temporal changes in wetlands (Töyrä 

and Pietroniro, 2005); tidal channel network extraction (Lohani and Mason, 2001).  

However, most of those studies explored only a single attribute of LiDAR data to 
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investigate wetlands. Modern LiDAR system can collect multiple attributes making 

it more prominent. In addition to the spatial attribute, other attributes can be acquired, 

such as LiDAR returned intensity data, multiple returns and other topographic 

derived data. All of those attributes have their own advantages benefitting further 

applications. For example, intensity can be considered as another kind of spectral 

data for land cover classification (Song et al., 2002). Actually, it is a kind of 

radiometric data can help identify targets with different reflectivities. However, 

noises are significant in intensity data. Overlap discrepancies are obvious in large 

area projects, and specular reflection on wet surfaces will lead abnormal strong 

reflections. Multiple returns from one transmitted pulse occur when portions of the 

pulse are reflected by objects between the pulse source and the ground. It helps in 

discriminating vegetations. Topographic derived data such as slope has advantages 

of discriminating regions with various topographic properties. By comparing LiDAR 

and multi-spectral image which only provides spectral information, it is indicated 

that the combination of LiDAR‘s multiple attributes can provide more information 

from different view and has great potential in wetland study. Furthermore, if LiDAR 

multiple attributes are proved sufficient for wetland study, there is no need for aerial 

photos. This helps users reduce the cost and effort of acquiring, processing and 

integrating datasets from different sources.  

The overall aim of this research is to develop new methodology to integrate LiDAR 

multiple attributes (including both spatial and radiometric information) for better 

mapping and classification of wetlands. 
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1.2 Research problem statements and objectives  

To fully exploit LiDAR‘s attributes and dig the biggest potential of each attributes, 

the quality of each attribute needs to be guaranteed. Generally speaking, LiDAR‘s 

attributes come from mainly two sides, the spatial part and radiometric part. The first 

part has attracted great attention of many researchers as the spatial characteristics is 

LiDAR‘s unique property, while the second part which is called LiDAR intensity 

still needs more concentration. 

Intensity is the radiometric attribute of LiDAR datasets which records the returned 

power of reflected laser pulse and has been proven to be useful as spectral 

information for object identification and classification (Antonarakis et al., 2008; 

Brzank et al., 2008). However, effective use of LiDAR intensity data for such 

purpose is hindered due to significant errors contained and the lack of efficient 

intensity correction method. Intensity errors often come from atmospheric 

attenuation, beam spreading, reflectance noise and the shape and the nature of the 

imaged surface. Those errors need to be removed before intensity can be reliably 

used for further applications. Many methods have been proposed to reduce intensity 

errors (Luzum et al., 2004; Kaasalainen et al., 2005; Coren and Sterzai, 2006; Höfle 

and Pfeifer, 2007; Jutzi and Gross 2009). Radar equation based methods and 

empirical methods are the commonly used approaches. These methods are based on 

many assumptions such as the manual selection of homologous regions and 

Lambertian reflectance, which limits their usage and do not take a holistic view of 

the problems. In addition, most of those studies considered single strip of LiDAR 
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data. When large area and multi-strip datasets are involved, errors become evident as 

discrepancies in intensity for conjugate points in overlapping or crossing strips 

which would reduce the effectiveness of automatic data processing. Therefore, a 

more practical and automatic method for intensity correction is needed to normalize 

intensity data. 

For wetland study, imagery based classification of wetland is difficult to distinguish 

wetland types which are spectral mixed. Many features are better described by their 

spatial properties than by spectral properties. Now, LiDAR can provide both spatial 

and radiometric data, which can generate intensity map for object identification, 

simultaneously and it is possible to combine those attributes to derive a better 

wetland classification result. However, most of the previous studies only explored 

one or two LiDAR observations to extract either terrain or vegetation in wetlands. 

Few study focused on the classification of wetlands by considering LiDAR‘s 

multiple attributes. More input data can provide more characteristics and lead to 

higher discrimination ability, better resource management and behavior modeling. In 

addition, for classification method, traditional pixel based classification method is 

apt to produce ‗salt and pepper‘ appearance (Blaschke et al., 2000). Object-oriented 

classification methods are believed to be more flexible and produce more accurate 

results as they generate multiple scales allowing the modeling of the hierarchical 

nature of complex systems such as wetlands. The constructed multi-level based 

object-oriented methods are closer to ecological phenomena than those of 

pixel-based method which analyse pixel individually. So, the combination of 
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LiDAR‘s multiple attributes and object-oriented method takes advantage of each 

other‘s characteristics. This kind of combination has the potential to classify 

wetlands and model the complex ecosystem. 

Based on the issues presented above, two objectives have been identified: 

1. To propose a practical and effective method to correct the errors in LiDAR 

intensity for large area and multi-strip datasets. 

2. To investigate the ability of LiDAR‘s multiple attributes for wetland classification 

based on object-oriented method. 

1.3 Dissertation outline 

The dissertation consists of six main chapters. A short preview of the dissertation is 

shown below: 

Research activities related to the studies of LiDAR and wetlands will be reviewed in 

chapter 2. The study area, datasets, processing procedures of LiDAR data and 

generation of each LiDAR attribute are described in chapter 3. Chapter 4 developed 

a method for LiDAR intensity correction, which is called ‗Overlap-driven and Phong 

model‘ intensity correction method. It was a three-step method which was based on 

less assumption than other methods and tried to reduce the overlap discrepancies and 

strong specular noise on nadir region. To explore the potential of LiDAR‘s multiple 

attributes for wetland classification, the wetlands classification using object-oriented 

method was investigated in chapter 5. Different levels and scales were generated to 

identify various wetland types with specific threshold. Finally, the conclusions and 

the recommendations are presented in chapter 6. 
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Chapter 2 Overview of LiDAR and wetland studies 

The overall objective of this research is to conduct LiDAR intensity correction and 

wetlands classification using LiDAR‘s multiple attributes. This chapter will provide 

a general review on recent progresses on LiDAR development, wetland classification, 

and LiDAR based wetland studies. Finally, a summary is concluded from the 

literature review to indicate the necessity of further work and lead the directions to 

the problems that this study is going to solve. 

2.1 LiDAR basics 

2.1.1 LiDAR components 

LiDAR is an active remote sensing technology that can provide a reliable, accurate 

but irregular three-dimensional representation of scenes by point clouds (Baltsavias, 

1999b). A LiDAR system consists of three core components, GPS, IMU and laser 

scanner. GPS is used to precisely determine the position of the platform during 

measurement. The IMU measures the three angular and acceleration changes in three 

orthogonal directions from which position and orientation is computed. The laser 

scanner consists of an emitting laser diode which produces pulses of light at a 

specific frequency (typically infrared), a scanning mechanism that fans the laser 

across the flight path, and associated electronics that determines the travelling 

distance by recording the elapsed two-way time of flight of each pulse (Lefsky et al. 

1999a; Lefsky et al. 1999b).  
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2.1.2 LiDAR scanning pattern 

Several devices are used in laser scanners to deflect the laser pulses across the flight 

path allowing the coverage of a wide swath beneath the aircraft. There are three 

kinds of devices typically used: oscillating mirror, rotating mirror and fiber scanner 

(Shan and Toth, 2009), each which produces its own characteristics scanning pattern. 

An oscillating mirror scanner uses a mirror with high reflective surface to reflect 

light at varying speeds over a range of operator controlled angles. It can produce 

interleaved parallel lines but requires careful factory calibration. Rotating mirror 

scanner reflects the laser light off the planar faces of a rotating polygon. A regular 

scan pattern can be acquired from this scanning device but no data is collected 

between the parallel lines due to fixed pixel location. Fiber scanner uses an array of 

multiple fiber optic filaments arranged in a linear pattern. It has repeatable scan 

pattern and gives a dense collection of laser points with a low flying speed. The 

number of fibers determines the number of footprints across flight direction. The 

disadvantages are that the field of view is limited and very uneven scan pattern is 

acquired that is 1.1 m across-track and 10 cm along-track. According to Baltsavias 

(1999b) and Lemmens (2009), the first two kinds are the most popular. That means 

linear scanning system is the dominant scanning pattern on the ground. In this study, 

Leica ALS-50 system which utilizes oscillating mirror scanner was employed for 

data collection.  

2.1.3 Characteristics of LiDAR system 

LiDAR system can be classified into two types according to their method of 
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recording returned signals, which include discrete return LiDAR system and 

full-waveform LiDAR system. In addition to those two data types, intensity can also 

be collected by most LiDAR system. 

 Discrete return LiDAR 

Discrete return system detects peaks in the reflected signal and record the timing of 

those peaks. In the early days of LiDAR emergency, LiDAR system collects either 

the first or the final peak in the returned signal. Now, multiple returns can be 

collected and classified into different classes. First returns are often used to construct 

digital surface model including objects above the ground. Intermediate returns can 

be used to separate vegetations from solid objects. Final returns often represent 

points on the bare ground. Now, Leica ALS 70 claims to have unlimited number of 

returns for each outbound laser pulse. 

 Full-waveform LiDAR 

Full waveform system digitizes the entire return waveform at a very high sampling 

frequency of around 1 GHz. It provides the shape information of a return and allows 

the analysis of the return in more detail (Mallet and Bretar, 2009; Vosselman and 

Maas, 2010). The advantage of full waveform system over discrete system is the 

detailed description of returned signal, while discrete system have a sizable ‗dead 

zone‘ which cannot provide sufficient information of illuminated objects 

(Nayegandhi et al., 2006). Full waveform information is useful in providing 

information for canopy, sub-canopy structure and ground vegetation in forestry 
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(Höfle et al., 2008). Due to the large data it provided, more studies, such as 

estimation of surface roughness and slope, and estimation of crown cross section and 

wetland investigation are possible. 

 Intensity 

Intensity or the magnitude of the return pulse indicates the strength of return pulse. It 

can be used to identify objects with different reflectivity. For example, objects with 

high reflectivity (e.g. Snow,) show a higher return power than dark objects (e.g. 

asphalt road). A lot of studies investigated intensity correction as a lot of errors are 

contained which will be introduced in section 2.3. 

In this study, both discrete return data and intensity data are collected by Leica ALS 

50. The investigation of full waveform data for wetland classification could be 

conducted in further study when those datasets are available. 

2.2 LiDAR data processing 

After data acquisition, data pre-processing and post-processing are conducted to 

integrate data from each component and generate point clouds. The task of 

pre-processing is to integrate measurements coming from the various system 

components (GPS, IMU, laser scanner) to calculate the target (laser pulse footprint) 

coordinates as shown in Eq. (2.1). Post-processing is to filter the resulting point 

clouds into different classes based on various purposes, such as buildings, cars, trees 

and other natural and human made objects.  
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2.2.1 Pre-processing of LiDAR data 

In order to integrate the data from these three components accurately, time stamps 

are used as a linkage to identify laser measurement and corresponding data from the 

other two resources. For the measurement of one laser footprint, the ground 

coordinates of that footprints are derived from the geo-referencing equation 

furnished by the onboard GPS/IMU unit, laser measurement and the calibration 

parameters determined from calibration process. The basic principles and design 

constraints of LiDAR are well-known (Wehr and Lohr, 1999; Baltsavias, 1999a). 

The relationship among these components is shown in Figure 2.1. 

 

Figure 2.1 Coordinates and components of LiDAR (Bang, 2010) 

As each component has its own frame of reference (coordinate system), 

pre-processing undertakes the integration via a series of coordinate transformations 

that maybe described by the LiDAR geo-referencing equation shown in Eq (2.1) to 

generate point clouds with three-dimensional coordinate (Vaughn et al., 1996; 
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Schenk, 2001; El-Sheimy et al., 2005; Shan and Toth, 2009).  
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Where GX


is the position of LiDAR footprint; 0X


is the vector between the origins 

of the mapping frame and the IMU body frame; m

rollpitchyawbR ),,(  represents the 

rotation matrix relating mapping and IMU body frames; GP


 is the lever-arm 

defined by the offset between the laser unit frame and IMU body frame; 

b

luR ),,(   indicates the rotation matrix defined by the boresight angles between 

IMU and laser unit frame; lu

lbR ),(   stands for the rotation matrix relating the laser 

unit frame and laser beam frame,  , represents encoder angles. For a linear 

scanner, laser beam direction can be represented by encoder angle  ; when elliptical 

pattern is employed, both and  define the direction of laser beam. 


is the laser 

range vector whose magnitude is equivalent to the distance between laser scanner 

and footprint. 

2.2.2 Post-processing of LiDAR data 

A LiDAR point cloud contains all returns from both ground and above ground 

objects. In order to make use of such information, separating these points into 

categories such as ground, vegetation, building is necessary. This can be achieved 

through a process known as filtering. Filtering is a major part of LiDAR data 

post-processing. In the last two decades, several filtering techniques have been 

applied to LiDAR point clouds. Four of the significant ones are presented here.  
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 Morphology filter 

One of the most widely used filtering methods for separating terrain points from 

non-terrain points in LiDAR point clouds is the morphology filter. It is an extension 

of mathematical morphology to extract features from an image (Zhang et. al., 2003). 

Dilation and erosion which are commonly employed to enlarge or reduce the 

window size are combined to produce opening and closing operations. The opening 

operation is accomplished by performing an erosion of the dataset followed by a 

dilation, while the closing operation is conducted by carrying out a dilation first and 

then an erosion. Their experiments showed that erosion operation removed tree 

objects of sizes smaller than the window size, while the dilation restored the shapes 

of large building objects. However, morphology filters were sensitive to errors and 

small features tended to be removed for the large size of the operator. Some 

researchers improved this approach by considering multi-level window size, adding 

weights or changing size gradually to overcome those drawbacks and eliminate 

errors (Hug and Wehr 1997; Zhang et. al., 2003).  

 Slope based filter 

Slope based method compares slopes between a LiDAR point and its neighbors 

(Vosselman, 2000). For a point within a given circle, if the maximum value of slopes 

between this point and any other point is less than a predefined threshold, the point is 

classified as a ground point. The definition of a reasonable threshold slope is 

significant for the success of filtering. The lower the threshold slope, the more points 

will be removed. Slope based filter worked well in fairly flat terrain, but become less 
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reliable as the slope increases. Sithole (2001) proposed a kernel function in which 

the threshold varies with the slope of terrain and improved the performance of the 

slope method when utilized in steep terrain. Peng (2005) proposed a multi-filtering 

approach based on the relationships of slopes and height differences between terrain 

and non-terrain points to remove non-terrain points.  

 Surface-based filter 

In the surface-based concept, it is assumed that the bare earth is piece-wise 

continuous, so the point-to-surface process is implemented. The classic filtering 

method employs the least squares method for surface fitting to produce DTM 

(Digital Terrain Model) from DSM (Digital Surface Model) (Wang et al., 2001; Tao 

et al., 2001). A hierarchical robust interpolation was proposed by Kraus and Pfeifer 

(1998). It applied linear prediction with the least squares method. A robust 

estimation is used to determine the optimal ground surface by reducing the weights 

of the above-ground points and outliers. Elmqvist (2001) developed another 

approach which fitted a ground surface by employing an active shape model with 

minimization of the internal energy in the grid space. This is only suitable for dense 

datasets.  

 Progressive densification 

This method initiates with a small number of point and then iteratively adding more 

points to the group to classify point cloud into different kinds (Vosselman and Maas, 

2010). A typical algorithm of this filtering category is the progressive triangular 
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irregular network densification proposed by Axelsson (2000). Firstly, the data set is 

divided into blocks whose size is determined by the largest structure in the area to 

make sure that all the structures (i.e. buildings and vegetation) can be filtered out. If 

the block size is smaller than the largest structure, the selected local low points may 

be on the structure rather than on the ground and will lead to misclassification. The 

classification starts by selecting some local low points which belong to the ground in 

each block. Then, an initial TIN is formed from the local lowest points. The last step 

is molding the model upwards by iteratively adding new points to it thereby 

densifying the TIN. The iterative process determines how close a new point need to 

be to the plane defined by currently included points in order to be accepted into the 

model. Further similar method is presented in Sohn and Dowman (2002). Upwarding 

densification step is added in their method to identify further points as ‗terrain‘. 

In this study, wetland area is flat and with few buildings, the last method is better 

than the first three methods. Thus, progressive densification is utilized in this study 

to processing LiDAR point cloud. 

2.3 LiDAR intensity correction 

Many researchers focused on evaluating the use of pulsed ALS system intensities. 

Various algorithms have been developed and progress can be found. On the early 

studies of intensity investigation, no-calibrated intensity data was used as a kind of 

ancillary information to assist estimating of planimetric offset, edge location or 

matching strip adjustment (Burman, 2000; Maas et al., 2001; Vosselman et al. 2002a). 

Some authors employed uncorrected intensity data for land cover classification 
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(Song et al. 2002; Matikainen et al. 2003), coastal estuaries and beach habitat 

classification (Goodale, et al., 2007) and forest analysis which is trying to find 

relationship between tree species and return intensity (Lim et al., 2003; Persson et al., 

2006). Even without correction and normalization, Watt and Wilson (2005) still find 

that LiDAR intensity is the best single measure for identifying different species and 

species mixtures. Most of the studies mentioned above do not use the intensity data 

directly but derive variables from it or follow statistical approaches to classify 

intensity data without knowing the exact radiometric properties of classes. While 

these studies using uncorrected intensity were successful, Kaasalainen et al. (2009) 

pointed out calibrating the intensity data benefits the automatic classification and 

data processing of point clouds, and subsequently reduces the cost of combining 

separate ALS data if calibrated intensity map would be available there is no need for 

aerial image flights. 

2.3.1 Intensity correction methods 

Initial attempts to correct intensity information based on the variation of range and 

incidence angle can be found in Luzum et al. (2004) and Kaasalainen et al. (2005). 

Later, a number of studies concentrated on calibration of ALS intensity. The adopted 

approaches can be divided into three categories: those that follow a theoretical model; 

those which make use of an empirical model; and those based on the use of reference 

targets. Each of the three categories is outlined in the following section. 
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 Theoretical model 

The basis of the theoretical model is the radar range equation. It describes the 

relationship between the transmitted signal power and received signal power with 

respect to the sensor, the target, and the intervening atmosphere (Jelalian, 1992).  
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
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                      (2.2) 

Where rI is the received signal power, tI  is the transmitted signal power, rD  

receiver aperture diameter, R  range from sensor to target, t  beam width of 

transmitter, sys  system factor and atm  atmospheric transmission factor,   

target cross-section. This equation is based on the assumption that the receiver field 

of view matches the beam divergence and the distance that single signal travels from 

the emitter to the target and from the target to the detector are the same. 

The effective target cross-section   includes all target properties. When some 

assumptions about   were made, such as the area and solid angle of target, a 

simplified equation can be derived as Eq. (2.3). The details about the assumptions 

and derivation of the simplified equation can be found in Jelalian (1992): 
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The parameters tI , rD , sys  can be regarded as constant factors. Because all laser 

scanning data are collected by one sensor during one campaign, all the sensor-related 

factors can be set to be a constant factor within a certain campaign. So, the 

remaining parameters affecting the received intensity are range R , target 
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reflectance  , atmospheric factor sys  and the angle of incidence.  

When a pulse travels between sensor and target, energy losing occurs due to 

scattering and absorption which can be presented by the atmospheric factor atm . It 

indicates the effects of travelling range when the atmospheric condition between 

sensor and target is constant and air attenuation coefficient a  can be derived by the 

estimation by exponential function of range and intensity value (Coren and Sterzai, 

2006).  

10000/210 Ra

atm

                       (2.4) 

Where a  is atmospheric attenuation coefficient (dB/km), 10000 originates from a 

given in dB/km. 

So, replacing the parameters in Eq.(2.3), following simplified equation is 

constructed. 
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               (2.5) 

Where C is constant factor on sensor system ( tP , rD , and sys ) 

Range factor was regarded as a significant influencing factor of theoretical model in 

early studies. Luzum et al., (2004) considers only range as an influencing factor to 

normalize intensity values. A linear regression model was proposed to remove the 

assumed linear trend with variation of range by Donoghue et al., (2007). Korpela et 

al., (2010) also employed range normalization to for vegetation classification. The 

values of exponent for range between 2 to 4 were tested and analysed for species 

classification performance as it is dependent on the target geometry.  
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The atmospheric attenuation coefficient is usually assumed to be constant throughout 

the entire data collection as long as the data are collected within a relatively short 

time. Coren and Sterzai (2006) developed a three-step method for intensity 

calibration by considering range, incident angle and air attenuation in the theoretical 

model. The first step involved correcting for the loss of intensity due to spreading of 

the laser pulse followed by a correction for surface incidence angles. Finally, 

homologous surface patches were manually selected and corrections were applied to 

equalize the intensity values between strips. Here, scanning angle was used as 

incident angle. Air attenuation coefficient was derived by an exponential function of 

range and intensity value. Four classes were classified by using the generated 

pseudo-reflectance map. Höfle and Pfeifer (2007) also gave a detailed description 

about the relationship between flight altitude and coefficient. Atmospheric 

transmittance typically increases with higher flying altitude. They developed two 

approaches for intensity correction. One is based on the physical principle of radar 

systems. The other is based data itself which will be introduced later. In the 

theoretical intensity correction approach, many assumptions were made to guarantee 

the effectiveness of the approach. Then, the corrected value is only proportional to 

target property. Wagner et al., (2006) also gave a comprehensive introduction about 

theoretical model and took into account the range, the amplitude, and pulse width 

and provided estimates of the backscatter cross-section of each target. Jutzi and 

Gross (2009) corrected the main error in intensity based on a simplified radar 

equation. The surface orientation which is estimated by the eigenvectors of the 
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covariance matrix and the light vector were calculated to derive the incident angle. 

Correction was conducted based on the theoretical model to remove the main errors 

caused by range, incident angle and atmospheric attenuation. The remaining 

intensity errors were assumed to be removed by employing an empirical model.  

 Emprical model 

Some studies employed empirical models from the dataset itself rather than a 

physical equation. Most of the empirical models generally contain three procedures 

(Oh, 2010): 1) Construction of a suitable relationship between the transmitted power, 

received power and the factors deemed to be significant; 2) Examination of the 

variation of received intensity values between homologous points; 3) Computation 

of the model parameters by some form of best-fit equation. 

Höfle and Pfeifer (2007) developed a data-driven correction method which is a 

range-based empirical model. It is built on the assumption that the received intensity 

values are proportional to the ground surface reflection and depend on the flying 

height via monotonic functions, e.g., inversely quadratic. A least-square adjustment 

for a given empirical model considering intensity and range was used to estimate the 

best parameters. Multiple flight altitude campaign over homologous areas is needed. 

Homologous areas with different ranges were sampled for experiment and the data 

fitting was achieved by inverse quadratic and Taylor expansion equations to express 

the relationship between received intensity and range. Coren and Sterzai (2006) 

adopted an exponential decay model of range and intensity value to estimate the air 

attenuation coefficient. Once it was solved, the coefficient can be applied to correct 
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the air attenuation effect. Jutzi and Gross (2009) used logarithmic linear least square 

model to remove the remaining errors after considering the main factors. A number 

of points with various ranges and incident angle but from homologous surface were 

sampled to construct the model. Four constant parameters were estimated and were 

similar with those in theoretical model. In addition, specular reflection is considered 

in their study. Phong model was introduced to reflect the real and complex 

reflectance in the real world. However, the result showed that only small 

improvement could be observed and Lambertian model seemed to be satisfactory for 

their research. 

 Correction based on reference targets 

Unlike other methods using homologous surface as standard targets, this method is 

based on the use of commercially available materials with known reflectance 

properties as reference targets for the calibration of laser intensity data. Kaasalainen 

et al., (2005; 2008; 2009) did a series of experiments for laser intensity calibration 

both in terrestrial and aircraft. A comprehensive set of data was used by Kukko et al., 

(2008) to analyse the dependence of intensity on the incidence angle, target 

reflectivity and surface roughness. The results for an infrared laser wavelength 

similar to those used in LiDAR produced demonstrated that the primary factor was 

surface reflectance with brighter targets (>50% reflectance) producing a pronounced 

falloff in relative reflectance as the incidence angle increased beyond 20. Very low 

reflectance targets (8% reflectance) showed negligible change in reflectance with 

respect to incidence angle. The results for gravel of different type and roughness did 



Chapter 2 Overview of LiDAR and wetland studies  

 

32 

 

not show significant variation with respect to incidence angle. Kaasalainen et al., 

(2009) presented a method for intensity measurement and calibration using 

commercially available in situ reference targets to acquire their backscatter 

properties. The main limitation of using reference targets, particularly those in-situ, 

lies in the need to distribute targets large enough to guarantee a laser strike 

throughout the project area, something that is not always feasible. 

2.3.2 Issues in LiDAR intensity 

The above studies have been contributed in improving intensity data qualities based 

on theoretical model, empirical model and reference targets method. However, a lot 

of assumptions were made in their methods to guarantee the application. In addition, 

multiple strips intensity correction is not considered in previous studies, as the 

overlap discrepancies and nadir strong specular reflection is a significant problem 

need to be resolved. An intensity correction method which is more reliable and based 

on less assumption is needed to make the corrected intensity data more meaningful. 

2.4 Wetland studies 

Wetlands can be delineated in various ways for different purposes. Wetland 

classification is the grouping of habitats or natural features into different classes with 

similar characteristics, properties or functions (Tiner, 1999). It can help to describe 

ecological units of wetlands, aid decision making about resource management, 

identify classification units for inventory and provide uniformity in concepts and 

terminology (Mitsch and Gosselink, 2007). As the values of wetlands have been 
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recognized by human beings and the area of wetlands are decreased at an alarming 

rate all around the world, it is critical to protect this fragile ecosystem and prevent 

further loss of wetlands. The early motivation for this activity was to find wetlands 

that could be drained and exploited for human beings. Recently, the purpose and 

motivation for wetland classification has been put forward to protect this fragile 

ecosystem with multiple ecological values.  

2.4.1 Wetland studies based on imagery 

Up to now, there are numerous ways to delineate wetlands. In the past, wetland 

classification was conducted based on in situ visit (Kent and Coker 1992), which 

needs trained staff and extensive field surveys of wetlands and is difficult, time 

consuming and expensive to execute for large regions. Remote sensing emerged as 

an ideal and effective alternative for wetland mapping since the launch of ERTS-1, 

the first satellite of the Landsat MSS series, in the 1970s (Best and Moore, 1979). 

multispectral scanner (MSS) data with a spatial resolution of about 80m on the Earth 

Resources Technology Satellite (ERST-1) were used to map the extent of flooded 

area in United States (Rango et al, 1973, 1974). MSS provides data in four spectral 

bands: green, red and two reflected infrared bands. The spectral range from 

0.8-1.1μm is the most useful band for distinguishing water from dry soil or vegetated 

surfaces, due to a strong absorption of water in the near-infrared spectral range. This 

kind of remote sensing imagery is non-invasive, cost and time effective, and 

covering large area, but regarded as too crude due to the 80 m spatial resolution. 

With the development of technology, the spatial resolution increased, such as 



Chapter 2 Overview of LiDAR and wetland studies  

 

34 

 

IKONOS and Quickbird (between 2.5-4.0 m for multispectral imagery and 0.6-1.0 m 

for panchromatic imagery). It has improved wetland monitoring capabilities over 

Landsat MSS system. Some studies (Li et al., 2005; Rosso et al., 2005; Wang et al., 

2007) showed that hyperspectral remote sensing has been quite promising in 

distinguishing coastal wetland vegetation species. In addition, to facilitate the 

application of wetland study using hyperspectral images, building spectral libraries 

for wetland is important (Hirano et al., 2003; Schmid et al., 2004; Zomer 2009).  

Unfortunately, imagery data is limited in providing two-dimensional information and 

cannot separate objects which are spectral mixed. It is proved difficult to conduct 

wetland classification using satellite remote sensing imageries, as the existence of 

highly context-dependent in both spectral and spatial characteristics (Stehman et al., 

2003; Wickham et al., 2004). The limitations of satellite imagery also include the 

lack of ability to separate different wetland types, such as separating wetlands from 

upland forests or agricultural land (Mitsch and Gosselink, 2007), and mapping 

wetland vegetation which has similarities between upland vegetation and low land 

vegetation (Özesmi and Bauer, 2002). Vosselman and Maas (2010) indicates that 

airborne laser scanning which can provide three-dimensional data has a much bigger 

potential in forest study than satellite imagery. Thus, more and more researchers 

concentrated on using spatial data for wetland vegetation mapping. 

2.4.2 Wetland studies based on LiDAR 

LiDAR has the advantage of being able to provide spatial data of the illuminated 

objects. In addition to the basic application of terrain and feature modeling, 

http://www.sciencedirect.com/science/article/pii/S0301479708000376#bib6
http://www.sciencedirect.com/science/article/pii/S0301479708000376#bib6
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applications of LiDAR have expanded to wetland disciplines. Ecologists are 

interested in using LiDAR as the spatial data it provided associates with the structure, 

composition, and function of ecological systems. Due to the ability to detect multiple 

return signals from a single laser pulse, LiDAR provides unprecedented detailed 3-D 

descriptions of a variety of vegetative systems. It directly measure the 

three-dimensional distribution of plant canopies as well as sub-canopy topography, 

thus providing high-resolution topographic maps and highly accurate estimates of 

vegetation height, cover, and canopy structure. Canopy structures acquired by 

LiDAR contains a substantial amount of information about the state of the 

development of plant communities and therefore about canopy function and 

vegetation-related habitat conditions for wildlife. Those extracted detailed 

information present its environmental and ecological values.  

Many ecologists have presented their interest in the ability of this technology to 

provide 3D spatial pattern of vegetation. For example, Lefsky (1999b) predicted the 

aboveground biomass and basal area in eastern deciduous forests using indices 

derived from the canopy height profile. Lefsky (2002) employed LiDAR data to 

build the canopy model from which canopy cover and volume was estimated. 

LiDAR has been shown to accurately estimate leaf area index (LAI) and 

aboveground biomass even in those high-biomass ecosystems where passive optical 

and active radar sensors typically fail to do so. Töyrä et al. (2005) evaluated the 

capability of LiDAR in deltaic wetland environment via the comparison of a LiDAR 

derived DEM in situ measurements. Bare ground points acquired an RSME of 0.07m, 
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while 0.15 and 0.26 m were derived in graminoid and willow vegetation. It also 

showed that it is difficult to penetrate thick willow canopy and dense thatch. Genc et 

al. (2004) and Hopkinson et al., (2005) also compared LiDAR data derived wetland 

vegetation height with field data and found it is an alternative tool to 

photogrammetric method. LiDAR‘s penetration ability has been tested by Rosso et al. 

(2003) in marsh vegetation. It was shown that penetration ability varies according to 

species and structure. Popescu (2003) presented his work on estimating tree crown 

diameter by measuring individual trees identifiable on the three-dimensional LiDAR 

surface. Multiple return, small-footprint LiDAR data were employed.  

Vegetation structure and related ecological variables are important for the 

understanding of ecosystem functions (Koetz et al., 2006). A good correlation 

between biodiversity and structure variety often existed in an ecosystem. Mason et al. 

(2006) employed LiDAR elevation data to construct a model and extract tidal 

channel networks in tidal marshes. Hyde et al. (2005) presented his work on 

mapping forest structure for wildlife habitat analysis using waveform LiDAR. A 

radiative transfer models which indicates the relationship between LiDAR data and 

canopy structure was used in Koetz et al. (2006). The results verified the potential of 

using LiDAR for horizontal and vertical forest structure extraction.  

In addition, the waveform-recording LiDAR systems recorded the entire 

time-varying power of the return signal from all illuminated surfaces and are 

therefore capable of collecting more information on canopy structure (Lefsky et al., 

2002). Full waveform LiDAR has been widely used for forest application. Forest 
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parameters can be estimated by the dense 3D point cloud which is generated after 

decomposition of waveform information (Mallet and Bretar, 2009). The main 

application of full waveform LiDAR data in woodland includes two categories: 

forest parameter estimation and modeling of forest area. In the first category, forest 

parameters include canopy height (Kimes et al., 2006), vertical distribution of 

canopy material (Lefsky et al., 1999), canopy height profile (Harding et al., 2001), 

canopy cover (Means et al., 1999), above ground biomass (Hyde et al., 2005) and so 

on. In the second category, various simulation methods were proposed to modeling 

forest areas (Sun and Ranson, 2000; Koetz et al. 2006). Morsdorf et al. (2009) 

employed full-waveform LiDAR with various wavelengths to simulate return 

waveforms. Two models providing ecological sound tree structure and leaf optical 

properties were used to assess both the structural and physiological information. 

Simulation work was carried out with trees of different ages and at various stages of 

growing season.  

Except for 3D tree height information, some studies combined LiDAR elevation and 

remote sensing imageries for wetland study. Töyrä and Pietroniro (2005) presented a 

method using geometric-based multi-platform remote sensing technology to monitor 

spatio-temporal changes of wetlands. Continuous monitoring is implemented by a 

series of multi-temporal data to evaluate the hydro-ecological relationship. Maxa and 

Bolstad (2009) compared the mapping result of IKONOS image and LiDAR 

elevation data with Wisconsin Wetland Inventory maps (WWI). Confusion between 

upland and wetlands was reduced. Better classification result of 74.5% was acquired 
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than WWI data (56%). Hyperspectral and multi-spectral data were fused with 

LiDAR data to conduct coastal mapping (Jones et al., 2010; Chust et al., 2008). 

The above studies used LiDAR elevation data for study. LiDAR intensity 

information is also utilized by some authors in ecological studies. Means et al. (2000) 

estimated canopy height, basal area, stand biomass and foliage biomass in a 

coniferous forest using LiDAR derived metrics which included canopy intensity sum, 

ground intensity sum and canopy closure calculated from intensity. Van Aardt et al. 

(2006) included intensity-based parameters such as intensity mean and median to 

estimate forest volume and aboveground biomass in a mixed forest, and indicated 

that multiple returns and intensity associated with each LiDAR hit might well be 

necessary for effective modeling of variation. Miura and Jones (2008) used the mean 

value and standard deviation of intensity to recover ecological variables. Field 

variables were derived for verification. They found last return information has low 

accuracy in classifying species as reported in Brandtberg et al. (2003). Intensity 

variation is higher in last return than in first return as energy of last return is 

intercepted by vegetation component in forest stratum.  

So many studies presented the advantages of LiDAR‘s ability in wetland study, but 

most of them just focus on one attribute of LiDAR. However, LiDAR can provide 

multiple attributes which were treated as complementary to each other and has not 

been fully exploited. For example, the spatial data can identify objects with different 

elevation. Intensity data is helpful in detecting targets with various reflections. Thus, 

this study exploits the potential of LiDAR‘s multiple attributes for wetland 
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classification.  

2.4.3 Wetland classification methods 

Recent developments in sensor and image processing technology have challenged 

the remote sensing community to strive for more robust methods of exploiting mass 

datasets. The general approach in the classification mainly fall into two kinds: 

supervised classification, and unsupervised classification. Supervised classification 

needs prior knowledge. Training data is involved as known class type to recognize 

different classes. This method can produce better result in specifying desired classes 

and is preferred over unsupervised classification when classes of interest are chosen. 

The disadvantage is that data sampling is time-consuming and expensive. The 

maximum likelihood algorithm is the most frequently used supervised classification 

method. However, when applied to wetland, low classification accuracies have been 

reported (Özesmi, 2000; Macalister and Mahaxay, 2009; Davranche et al., 2010). 

Unsupervised classification (also called clustering) separates pixels into groups with 

similar spectral values. An individual pixel is compared to each discrete cluster to 

find the closest matching one. The classified image must be interpreted by users to 

give the clusters information class labels. This approach reduces the time-consuming 

training data selection procedure but the classified clusters may not represent the 

desired classes accurately. 

The above mentioned traditional supervised/unsupervised classifications were 

originally designed for pixel-based techniques. However, with the increasing of 

image resolution, pixel-based method is not suitable for processing very high 
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resolution images as ‗salt and pepper‘ appearance is serious which degrade the 

classification result (Blaschke et al., 2000). The emergence of object-oriented 

classification method facilitates the analysis of very high resolution images.  

Objects which are made up of pixels are more meaningful than pixel alone as a 

single pixel cannot represent a meaningful object in a very high resolution image. 

Object-oriented methods try to use the features of segmented objects and contextual 

information in an integrative way, and provide adequate and automated methods for 

image analysis by using spectral, spatial, textural and topological characteristics 

(Blaschke, 2000). It has been shown that object-oriented methods combine the 

existing techniques in remote sensing, such as segmentation, edge-detection, feature 

extraction and classification (Schiewe, 2002; Burnett and Blaschke, 2003; Flanders 

et al., 2003; Benz et al., 2004; Blaschke et al., 2004; Lang, 2008; Hay and Castilla, 

2008), and provide a connection between spatial concepts and analyses in Earth 

Observation data (Laliberte et al., 2007; Jobin et al., 2008; Stow et al., 2008; 

Trias-Sanz et al., 2008) 

Many studies have employed object-oriented method to ecological investigation, 

such as vegetation and forest mapping (Dorren et al., 2003; Chubey et al., 2006), 

vegetation structure delineation (Johansen et al., 2007; Mallinis et al.,2008), and 

urban land cover classification using remote sensing images (Kong et al., 2006; 

Chen et al., 2007). Recently, there are more and more studies using object-oriented 

method for image classification and change detection in wetlands. Conchedda et al. 

(2008) explored the application of object-oriented methods to mangrove mapping 
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and change analysis using SPOT XS data. A freshwater tidal wetland was 

investigated using satellite images to study the effect of textural measurements (Laba 

et al., 2010). Dronova et al. (2011) proposed a new approach to select training data 

for object-oriented classification method and examined the composition of cover 

types in lake-wetland.  

For wetland study, the multi-level based object-oriented methods are closer to 

ecological phenomena than those of pixel-based method based on above mentioned 

studies. Thus, object-oriented method is suitable and selected in this study.  

2.5 Summary and directions 

This chapter introduces the basics of LiDAR and researcher‘s work on LiDAR 

intensity correction and wetland studies. Based on the above literature review, it is 

found that many researchers have made contributions to both LiDAR intensity 

improvement and wetland studies based various methods. However, problems still 

exist and there is a need for improvement in these two regions. 

For LiDAR intensity correction, several limitations are found in previous studies. 

Firstly, homologous points are selected manually to compare their intensity values. 

This process depends too much on human effort and hinders the speed of data 

processing. Secondly, multiple strips and the generated overlapping intensity 

discrepancies were not considered, while these are a common phenomenon for large 

area projects. Thirdly, several assumptions, some of which such as Lambertian 

reflectance are not appropriate for wetlands, were made to guarantee the 

effectiveness of their algorithm.  
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For LiDAR based wetland study, previous research focused on utilizing imagery for 

wetland investigation as hyperspectral data has potential for discriminate different 

wetland classes. However, due to the lack of spatial data and some statement that 

many spectral mixed classes are better described in spatial data than spectral data, 

more and more researchers explored LiDAR spatial data, or the combined spatial and 

spectral data for wetland study. In LiDAR based wetland investigation, most studies 

considered only one aspect of LiDAR, such as elevation. As LiDAR provides 

multiple attributes which are treated as complementary to each other, it is believed 

that multiple attributes based study has a much greater potential in improving the 

accuracy of wetlands classification than focusing on only one or two attributes. In 

addition, the utilization of only LiDAR data sources reduces the cost of combining 

LiDAR with aerial photos. If LiDAR‘s multiple attributes have significant 

contribution in wetland classification, there is no need for aerial photos and the 

integrating process which is time and effort consuming.  

Thus, the overall objectives of this study concentrate on proposing a more practical 

algorithm for LiDAR intensity correction and exploring the potential of LiDAR‘s 

multiple attributes for wetland classification. 
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Chapter 3 LiDAR data processing for wetland classification 

 

3.1 Introduction 

LiDAR systems deliver both geometric and intensity attributes. The intensity 

attribute can be used to generate intensity map to identify different objects. The 

geometric attribute of LiDAR which represents the surface of earth can be used to 

generate DTM (Digital Terrain Model) or DSM (Digital Surface Model). As those 

attributes treated as complementary to each other, this study aims to explore 

LiDAR‘s multiple attributes for wetland classification. This chapter introduces the 

processing process of LiDAR data. 

3.2 Study area and dataset 

3.2.1 Wetlands in YRD 

The study area is located in the estuary of the Yellow River (YR) in Shandong 

Province of North-Eastern China. It is well known that the YR is the second longest 

river in China and for its highest sediment concentration in the world. Due to the soil 

erosion in the middle YR reach, extensive amount of soil and sands are carried 

turning the river into a yellow hue and resulting in a great amount of suspended 

sediments in the lower reach. YR is a Suspended River as its riverbed is higher than 

the surrounding landforms because of the continuous deposition of incoming 

sediments. In some places, the riverbed is over 10 m higher than the riverbank 

landforms. Consequently, YR is prone to be subject to frequent devastating flooding 

and course changes. The continual incoming sediments and frequent course changing 
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formed the modern YRD which has experienced complex patterns of erosion and 

accretion. Area of the newly created wetland enlarges by 32.4km
2
 per annum due to 

deposition of the large amounts of sand and mud transported (Zhao, 1997). There are 

three major river mouths including Shenxiagou, Diaokouhe and Qingshuigou, while 

the first two were abandoned in 1964 and 1976 respectively (Pang 1979; Wang et al. 

2006;). Since 1976, Qingshuigou becomes the main path that YR flows through. It 

then shifted artificially again to the 8
th

 section of the Qingshuigou (Qing8) course in 

August, 1996. Figure 3.1 shows the location of YRD. The red block is study site 

which covers an area of 144 km
2
 comprising Qing8 course which is the current 

outfall of YR. 

Wetland basins scattered within the delta provide important habitats and sanctuaries 

for a large number of waterfowl, making the region an important stopover for bird 

migration from northeast Asia and western Pacific Ocean. YRD wetland is one of the 

most rapidly growing wetland in the world and owns the youngest, vastest and most 

complete temperate wetlands ecosystem in the world. In addition, YRD plays a 

significant part in China‘s petroleum and food production industries (Xu et al., 2004) 

and therefore it plays an important role in both economic development and nature 

protection. Figure 3.2 shows photos taken in YRD. The figure shows that the 

dominant vegetations in YRD are reed. Large vegetations are mainly distributed in 

the inland with high elevation. The lower right one shows the intertidal zone with 

channels.
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Figure 3.1 Location of study area 
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Figure 3.2 Photos taken in the YRD 

3.2.2 LiDAR dataset 

A discrete-return LiDAR survey was conducted on April 16, 2008 using a Leica 

ALS50 system at a wavelength of 1064 nm. Three dimensional coordinates of the 

ground were computed for each LiDAR pulse based on GPS and IMU observations. 

This system can record at most three returns coming from single pulse. Four strips 

were acquired from a flight altitude of 2400 m; a pulse repetition frequency of 30.2 

KHz; a scanning rate of 14.6Hz; and field of view of 62.5 degrees which resulted in 

a swath width of 2800 m for each flight line. The total coverage of the mission was 

144 km
2
. Mission time is four and half hours.  



Chapter 3 LiDAR data processing for wetland classification 

 

47 

 

3.2.3 Aerial photos 

Simultaneously to the LiDAR data acquisition, aerial photos (RGB) were collected 

with an integral digital camera. The resolution of photos is 1 m. 84 photos were 

mosaicked and geo-rectified to form a single image covering the study area. 

However, due to some limitations, only the mosaicked imagery is available from the 

supplier and the quality of this imagery is not good. The colour is distortion and 

discrepancies are significant on the joint regions of adjacent photos. Thus, the image 

was used as a visual reference to assess the classification accuracy of LiDAR based 

classification together with field survey data. Area indicated in red block will be 

used to illustrate the performance of filtering method in section 3.4.2. 

 

Figure 3.3 Coverage of study area 

3.2.4 Field survey and ancillary data 

Field survey was conducted in May 2011. The checking points are divided into three 

types, GPS points, random points and manual points. 200 ground points were 

collected by GPS. Due to the inaccessibility of the interior of the wetland, such as 

marshes and intertidal zone, the GPS points are mainly distributed in regions with 



Chapter 3 LiDAR data processing for wetland classification 

 

48 

 

good accessibility. A GPS-enabled camera was used to take samples of nearby 

patches, and visually estimated distances were combined to identify the wetland 

patches. 810 additional points were randomly or manually located on the photos to 

test the accuracy of the applied method. The selection of manual points is to 

guarantee that there are at least 40 points located in each wetland class. Totally 1010 

check points were used for accuracy assessment as shown in Figure 3.4. The red 

triangles show the distribution of collected GPS points. They are mainly located 

along the road. Some red triangles look like solid because of the high sample density. 

The black triangles show the distribution of random points and manual points. Tidal 

data collected at the nearest observation station was also used as ancillary 

information to assist wetland classification. 

 

 

Figure 3.4 Distribution of all the checking points 

 

 

3.3 LiDAR data pre-processing 

Before LiDAR data can be used in a project, several pre-processing steps need to be 

carried out. These steps mainly involve the integration of the individual data sources 
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(Laser, IMU and GPS) to compute the collected point coordinates. Data 

pre-processing involves the following kinds of commercial software packages: 

1. IPAS pro (Leica),  

2. GrafNav (Waypoint)  

3. ALS Post Processor (Leica) 

First, IPAS pro was used to extract position and attitude data from the combined 

GPS/IMU raw datasets. GrafNav software was used to conduct DGPS processing by 

combining DGPS base station data and the dataset extracted from IPAS pro. Then, 

IPAS pro was employed to calculate trajectory data by the datasets of the first two 

steps. Finally, ALS Post Prossesor software was used to calculate laser point position 

by associating the scanning data and trajectory information.  

3.4 LiDAR data post-processing 

After preprocessing, the raw laser point cloud data was created for the entire survey 

in *.las format with each point having 3D coordinates, number of return pulses, 

power of the returned pulses, flight line number and timestamp. However, there are 

some outliers contained in the point cloud need to be removed.  

3.4.1 Error removal 

In this study, outliers are divided into two parts: low points and isolated points. Low 

point classification routines identify points which are significantly lower than other 

surrounding points. Isolated points are points which do not have many neighbors 

within a 3D search radius. Both of them were removed with TerraScan software.  
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3.4.2 Filtering 

In a LiDAR point cloud, the laser scanned objects include both bare ground and 

above features, such as buildings and trees. Off-ground laser points need to be 

identified and removed from point cloud before generate DTM. Likewise, ground 

points need to be removed to identify objects above ground. Thus, filtering is 

necessary to separate point cloud into ground point and off-ground points. 

Adaptive Triangulated Irregular Network (ATIN) method (Axelsson, 2000) was 

employed and conducted in TerraScan. The ATIN method classifies ground points by 

iteratively constructing a triangulated surface model. Figure 3.5 shows the 

densification process of this method. The four black dots represent the classified 

initial ground points after the initial TIN generation. The circle represents a point 

that needs to be classified. For each candidate point (the circle), two parameters were 

calculated to judge whether it is a ground point or not. One is the angle subtended at 

the nearest TIN vertex by the new point and the plane that contains the perpendicular 

projection of the new point. The other is the perpendicular distance from the new 

point to the plane; it is used to ensure that the iteration does not make big jumps 

upwards when the TIN triangles are large. For each candidate, the calculated 

parameter values will be compared with thresholds. If the thresholds are met, the 

candidate will be added into the TIN. Otherwise, the candidate will be classified as a 

non-ground point which needs to be further classified. The iteration process will 

terminate when all the candidates are processed and no new points can be added to 

the TIN. Based on the project data the thresholds were 10°and 1.5 m respectively.  
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Figure 3.5 TIN densification process 

The red block in Figure 3.3 was chosen as test area to justify the filtering 

method. A DSM was firstly generated with all the points that represented the first 

returns. Figure 3.6a) shows the DSM interpolated from the LiDAR point cloud. 

Many man-made features, such as footpaths, bridges and oil wells can be seen and 

measured easily. For example, the widths for the main road and footpath are 20m 

and 10m respectively. From the point cloud, the DTM in this site can also be 

generated using the method described in section 2.2 (shown in Figure3.6b)). 

Compared with DSM, it can be seen the high points which present vegetation have 

been removed. The terrain underlying the trees can then be presented. 

Profiles were extracted from the DSM and DTM (Figure 3.6) to compare the 

filtering result and are presented in Figure 3.7. Part (A) in the figures is area covered 

by trees. Comparing the two plots, the tree heights are clearly shown in the DSM. 

Due to the penetration property of LiDAR, the true ground terrain can be observed. 

Also, LiDAR DTM represents the bare ground with great detail. The overall surface 

in site 1 is very flat. However, in Figure 3.7, we can clearly identify the surface of 

the river (part (B)), which is 2-3 m lower than the riverbank. A number of footpaths 

(part (C)) with width of 10m and elevation variations of between meters and 
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decimeters can also be clearly identified. 

 Figure 3.6 a) DSM of Site 1; b) DTM of Site 1 

 

 Figure 3.7 Profile of DSM and DTM 

3.4.3 Construction of LiDAR’s multiple attributes 

LiDAR delivers both geometric and intensity data which are treated as 

complementary to each other. The separated ground points and off-ground points 

were used to generate different models which represent various characteristics of 
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terrain. Therefore, six layers were constructed based on LiDAR data for 

investigating LiDAR‘s ability in wetland classification. They were regarded as 

LiDAR‘s multiple attributes in this study. LiDAR‘s multiple attributes include: 

   1) DSM.  

DSM as mentioned before represents the surface variation including above ground 

objects. All the first return echo of LiDAR data were involved and transformed into a 

grid form by Kriging (Stein, 1999) interpolation method with 5 m grid spacing as 

shown in the following figure. Wetland classes which are sensitive to elevation 

rather than spectral data can be separated, such as intertidal zone, channels, lowlands 

and vegetation species with various heights.  

 

Figure 3.8 DSM 

   2) DTM 

DTM presents the terrain variation without the above land features such as buildings 

and vegetations. When point clouds are separated into ground and off-ground points, 

DTM is constructed by interpolating ground points with a 5 m grid spacing as shown 
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in the following figure. The difference between DSM and DTM is that the above 

land vegetations were removed. 

 

Figure 3.9 DTM 

   3) nDSM 

Normalized DSM identifies areas that lie above the terrain. It is the difference model 

between DSM and DTM. As mentioned before, point clouds were separated into 

ground and off-ground points. The former was utilized to generated DTM. The latter 

which indicates features above ground was used to construct nDSM.  

 

Figure 3.10 nDSM 



Chapter 3 LiDAR data processing for wetland classification 

 

55 

 

   4) Multiple returns 

Since LiDAR pulse can penetrate vegetation and get multiple returns from canopy, 

branches and underneath ground, it can also help us to identify the location of 

vegetations. Multiple return data can be identified from LiDAR data by extracting 

the number of echo. There are four types of echo code for LiDAR returns. 0 

represents only one return pulse; 1 represents first of many returning pulses; 2 

represents last of two returning pulses; 3 represents last of multiple (>2) returning 

pulses. Therefore, pulses which have echo code number larger than 0 are extracted to 

construct multiple return layer. By comparing figure 3.10 with 3.11, it is found that 

all the pulse penetration happens on the left region of the study area where have 

large vegetations. 

 

Figure 3.11 Multiple returns map 

   5) Slope  

Slope is the measure of steepness of a feature relative to the horizontal plane. In this 

study, slope map was generated based on DSM in ERDAS software. It indicates the 
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position where significant elevation change happens and is useful in segmenting 

objects with large elevation change on edges, such as river and road. Although the 

generated DSM introduces noises on the joint region of adjacent strips, the 

maximum value is less than 15 cm. The purpose of slope map in classification is to 

identify significant edges, such as rive and road. The elevation jump of those classes 

are significant larger than 1 m. So, the introduced noises by DSM can be ignored in 

the classification procedure. From the slope map, noise from DSM is not distinct. 

The outlines of river, road, channel and vegetation are obviously which are useful in 

segmentation. 

 

Figure 3.12 Slope map 

   6) Intensity 

Intensity is the physical power of the reflected laser pulse. ALS50 can record 

intensity data of the returned reflection. This radiometric information is stored in a 

8-bit scale (0-255). Intensity image was generated by interpolating intensity values 

in LiDAR point cloud with 5 m spacing. Figure 3.13 is the constructed intensity map. 

However, errors are significant in the map. This map is constructed from four strip 
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datasets. Strip discrepancies are obvious in the joint. In addition, reflection on the 

nadir region is very strong, especially on the wet surfaces. Therefore, intensity 

correction is necessary to remove those errors to improve wetland classification 

result. Chapter 4 will introduce a method for intensity correction and the corrected 

intensity map will be used for wetland classification. 

 

Figure 3.13 Intensity map 

3.5 Summary 

This chapter introduced the processing procedures of LiDAR data which include 

pre-processing and post-processing. Pre-processing aims to integrate datasets from 

the three independent components and produce LiDAR point cloud. Post-processing 

aims to remove outliers and separates point cloud into ground points and non-ground 

points. Then six layers were constructed based on LiDAR data for wetland 

classification, except for intensity map which need to remove errors. 
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Chapter 4 Overlap-driven adjustment and Phong model for 

LiDAR intensity correction 

4.1 Introduction 

LiDAR systems have been applied to an ever-increasing range of tasks in the 

geo-spatial domain since their appearance over 20 years ago. It is a robust, efficient 

and reliable technology for the acquisition of topographic data. A number of authors 

have developed algorithms for processing the LiDAR point cloud data, such as 

segmentation into different classes based on a specific spatial attributes (Axelsson, 

2000; Zhang et al., 2003; Sithole and Vosselman, 2004; Meng et al., 2009). However, 

LiDAR systems deliver not only geometric information (X,Y,Z) but also the returned 

intensity (the physical power) of the reflected laser pulse which is a kind of 

radiometric information.  

Previous studies have used intensity for surface classification and object detection, 

e.g. trees and other vegetations (Lim et al., 2003; Donoghue et al., 2007; Palenichka 

and Zaremba, 2007), and snow in glacier (Arnold et al., 2006). Moreover, there is 

also a growing interest in integrating intensity with other resources, e.g. aerial 

images (Persson et al., 2006; Bork and Su, 2007; Dalponte et al., 2008) as well as 

LiDAR‘s geometry (Secord and Zakhor, 2007). In early studies, such as Burman 

(2000) and Maas (2002), intensity values were not normalized nor were they 

corrected. Similarly, uncorrected intensity was used for the automatic detection of 

buildings (Matikainen et al., 2003) and land cover classification (Song et al., 2002). 

Even without correction and normalization, it was found that LiDAR intensity was 
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the best single measure for identifying different tree species and species mixtures 

(Watt and Wilson, 2005). 

However, as mentioned in chapter 3, errors were contained in intensity map which 

hindered the utilization of intensity information. Therefore, intensity correction is 

essential before they can be reliably used for applications. The received LiDAR 

intensity is influenced by several factors such as energy loss from beam spreading, 

radiometric system bias, and reflectance noise. Initial attempts to correct the 

intensity values based on the variation of range and incidence angle can be found in 

Kaasalainen et al. (2005) and Luzum et al. (2004). A number of studies have 

investigated the correction of LiDAR intensity. The various approaches can be 

divided into three categories: those that employ a theoretical model; those which 

make use of an empirical model; and those based on the use of reference targets. The 

details of those methods were described in chapter 2. 

In general, all of the previously mentioned methods demonstrated improved results 

when corrections to intensity values were applied. However, none of the methods 

take a holistic view of the correction problem, especially when large area and 

multi-strip datasets were involved. In such cases, intensity discrepancies in the 

overlaps of adjacent strips were evident. These discrepancies were traced to three 

common main factors: 1) Homologous points were selected manually and need 

much human interactions. This process is subjective, laborious and precludes 

automation of the intensity correction process. 2) The previous studies aim at 

correcting the intensity of homologous points to the same value. Nevertheless, the 
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accuracy of overlap regions from adjacent strips was not guaranteed on large 

datasets covering multiple strips (Mallet and Bretar, 2009). 3) Only a Lambertian 

reflectance model was assumed. As we known, diffuse reflection is the reflection of 

light from a surface where an incident ray is reflected at many angles rather than at 

just one angle as in the case of specular reflection. When the surface luminance is 

isotropic, it is Lambertian reflection. Due to the coherent, monochromatic nature of 

laser illumination, perfectly diffuse reflections almost never occur in LiDAR 

applications (Kaasalainen et al., 2009). The reflectance characteristics of objects in 

the real world are much more complex. A reflectance model that incorporates both 

diffuse and specular reflections is desirable, particular for data located in the nadir 

regions of a strip over highly reflective surfaces. Thus, there is room for 

improvement in the correction process by applying a more faithful method. 

In this chapter, three components have been assembled to correct LiDAR intensity 

data and overcome the limitations of existing methods. Firstly, similar to existing 

methods, a modified radar range equation is used to correct intensities for the 

environmental factors of atmospheric density, range, and incidence angle. 

Parameters relating to the scanning system are assumed to be constant. Secondly, a 

set of correction parameters that minimizes intensity discrepancies in strip overlap 

areas are estimated by a least squares process and the resulting correction parameters 

are applied to the entire point cloud. Homologous points (the same, or nearly the 

same, points in the overlap areas of strips) are chosen by a nearest distance algorithm 

removing the need for manual selection points and providing a highly redundant and 
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automatic adjustment process. Finally, a Phong reflectance model is employed to 

correct the intensity values in the nadir region that exhibit strong specular reflectance. 

The effectiveness of the three steps was demonstrated by the processing of a 

multi-strip dataset of a wetlands area.  
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Figure 4.1 Processing flow of the method 
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4.2 Overlap-driven and Phong model correction method 

The mathematical models relating to the three components of intensity correction are 

presented. Figure 4.1 is a flowchart of the method. Each step is presented in detail in 

the following sections. 

4.2.1 Removal of environmental effects 

After the generation of point cloud, six-column LiDAR datasets including ZYX ,, , 

flight line, intensity and timestamp on overlap region were extracted. The trajectory 

files from a GPS/INS integration system were also used for calculating distance and 

incident angle between the sensor and ground point.  

Firstly, the modified theoretical radar equation, Eq. (2.5), is rearranged as Eq. (4.1) 

and used to correct intensities for environmental effects. The inverse range-squared 

dependency of the received intensity plays a major role in intensity variation, as has 

been shown in many previous studies (Höfle and Pfeifer, 2007; Coren and Sterzai, 

2006). Intensity variations due to range differences with respect to a standard altitude 

are accounted for by the 22 / sRR
 
term. As implemented, sR is the flight altitude 

above the nadir point. Atmospheric and incident angle effects are removed by the 

atm
 
and cos terms respectively. The atmospheric term, atm (Eq. (4.2)), 

represents the average atmospheric conditions at the time of flight and is 

independent of the LiDAR system.   represents incident angle of each laser shot. 

For the study area used to test the correction model, the terrain is flat and   was 

assumed to be equal to the scanning angle. Undulating and steep terrain would need 
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a more rigorous model for  . 

    cos// 22

A  atmsr RRII                   (4.1) 

10000/210 aR

atm

                        (4.2) 

where AI  is the intensity after correction; R  is the distance between the sensor 

and the target; sR  is the flight altitude; atm  describes the atmospheric effect; and 

a is the atmospheric attenuation coefficient. 

The atmospheric conditions are considered to be constant between the aircraft and 

terrain and throughout the mission. Based on the exponential decay model (Coren 

and Sterzai, 2006), average vertical attenuations are 0.22, 0.17 and 0.14dB/km for 

flight altitudes of 1000m, 2000m, and 3000m respectively (Höfle and Pfeifer, 

2007) ), a relationship that is linear with a correlation coefficient of -0.99 meaning 

that, within this altitude range a simple linear interpolation of the atmospheric 

attenuation coefficient is justified.  

4.2.2 Overlap-driven parameter estimation  

Removal of the non-sensor effects according to the theoretical model does not 

guarantee that intensity values of homologous points in strip overlap areas will be 

identical. Such discrepancies are typically visible in the intensity images at overlaps 

as banding and will have a negative impact on the accuracy of intensity-based 

applications. The overlap intensity correction aims to minimize the discrepancies via 

a set of correction parameters that represent sources not accounted for by the 

simplified theoretical model Eq. (4.1). Development of this correction begins with a 
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generalized radar equation of the form: 

dcbR2a
AB e10RII   cos                   (4.3) 

where BI  is the received intensity after overlap adjustment; AI  is intensity after 

the first correction;   is the target reflectance; R  is the distance between the 

sensor and target;   the incident angle; de  a correction factor to rescale the 

intensity to the range of 0 to 1. The parameters dcba ,,, are the model parameters to 

be estimated.  

In overlap regions the corrected intensities of homologous points should have the 

same value (under ideal conditions):  

BqBp II                             (4.4) 

where pBI  and qBI  are the corrected intensities from strips p and q respectively. 

Substitution of Eq. (4.3) into Eq. (4.4) and ignoring the rescale factor as it is constant 

for both strips gives the equivalence: 

q
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qAqp
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pAp θ10RIθ10RI qp coscos            (4.5) 

which may be linearized by taking logarithms to form the required functional model: 
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Each pair of identified homologous points can form an observation equation as Eq. 

(4.6), and it can be written in vector form. 

LAX                            (4.7) 
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where A  is the coefficient matrix, X  is parameter vector, L  is observation 

vector. The problem here is to find X .  

Traditional least-squares adjustment was employed to calculate the parameters due to 

the presence of noise in homologous points. The traditional least squares solution 

minimizes the sum of the squares of the residuals resulting in 
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Solution for parameter estimation is: 

  LAAAX TT 1
                       (4.9) 

Once the correction parameters are determined they are reapplied in Eq. (4.3) to 

compute BI for the entire dataset. As implemented the automatic selection of 

homologous points from overlapping strips was achieved using a nearest distance 

algorithm. 

4.2.3 The Phong model weighted filter  

In most of the previous studies (Coren and Sterzai, 2006; Kaasalainen et al., 2009; 

Jutzi and Gross, 2009), the Lambertian reflectance model was adopted for correcting 

the recorded intensity values. Such an assumption may not be valid when the project 

area contains wet, smooth, or highly reflective surfaces that would result in specular 

reflection. Therefore, considering only Lambertian reflection is not appropriate when 

both diffusion and specular reflection exist. In some studies (e.g. Oh, 2010, pp17-18), 

high specular intensity data was simply removed as outliers. The deficiency of only 
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considering a Lambertian model and the advantage of using the Phong model for 

intensity correction was demonstrated by Jutzi and Gross (2009). However, due to 

the lack of data, the intensity correction based on the Phong model was not fully 

studied. 

In the project associated with this research, both diffusion and strong specular 

reflections exist in the dataset. To overcome the negative impact of the specular 

reflection on the intensity data, a Phong model correction was developed. 

The empirical Phong surface model (Phong, 1975) describes the way a surface 

reflects light as a combination in both diffuse and specular forms. Such a model has 

found wide application in computer graphics and 3D model rendering. Here, the 

version of the Phong reflection model used by Jutzi and Gross (2009) was adopted:  

     2coscos1out

n

ssin kkII                   (4.10) 

where outI  is the reflected intensity; inI  is the LiDAR transmitted intensity; sk  is 

the specular reflectance parameter;   is the incident angle; n
 

is an exponent that 

describes the glossiness of the surface, which is larger for surfaces that are smoother 

and mirror-like. When 0sk , the surface is a perfect Lambertian reflector. 

The parameters of the Phong model need to be determined empirically according to 

the dataset itself. The effects of each parameter ( inI , sk , n ) on the Phong model were 

investigated by plotting curves, against incident angle ( ), of the value of one while 

the values of the other two are fixed. The three plots are shown in Figure 4.2. In 

Figure 4.2a, sk  and n  were fixed, while inI was varied from 0.5 to 1. It is obvious 
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that the overall intensity value of the curve increase with the increase of inI , while 

the width of the peak remains similar. Figure 4.2b shows that variation of sk  (from 

0.5 to 0.8) affects the ratio of diffuse reflectance and specular reflectance when inI  

and n  are fixed. The smaller sk  is, the smaller the ratio is. Parameter n  controls 

the width of the curve as shown in Figure. 4.2c. The larger the value, the more 

dominant specular reflection is close to the nadir. 

       

a) inI                              b) sk  

 

         c) n     

Figure 4.2 Phong model curve with different parameters 

To construct a Phong model for a LiDAR data set, the three parameters sk , n, and 

inI  need to be determined. The selection of parameters sk  and n  is determined 

empirically by fitting a sample of point intensities to the model. The determination 

of inI  involves firstly identifying nadir region points with a value of '  and then 

computing mean intensity values for the nadir and off-nadir regions, 1M
 
and 2M , 
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respectively. 1M  was used as the corresponding peak value for the Phong model. 

The weights of points with scanning angle of zero were assigned as 1, while those 

with scanning angles greater than ' were assigned as 0. The weights of other points 

whose scanning angle between 0 and ' were assigned proportionally based on the 

constructed Phong model curve. Thus, the strong intensity part which needs removal 

was modeled as mI . Finally, the intensity in the nadir region is corrected by 

subtracting the established model mI  from BI  which is the intensity after 

overlap-driven adjustment. 

mBC III 
                    

  (4.11) 

The Phong model correction is only applied when strong nadir reflections exist. 

Whether it should be applied or not may be assessed by the ratio of 1M
 
and 2M . If 

the ratio is significantly large (typically greater than 2), the Phong model correction 

can be applied. This ratio indicator is based on the assumption that the mean value in 

the nadir and the off-nadir regions should be similar if the width of strip is wide 

enough and there are no large variations in the terrain.  

4.3 Experiment and results 

The effect of the three-step correction model is demonstrated through its application 

to a set of LiDAR data acquired near the mouth of the YR in North-east China. 

Detail of the study areas, dataset and results are given in the following section. 

4.3.1 Study area and dataset 

The description about study area is introduced in section 3.2. During the flight, the 
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air was completely clear and atmospheric conditions were assumed to be constant for 

the campaign. Based on the results of Höfle and Pfeifer (2007), the atmospheric 

attenuation coefficient was 0.16.  

Figure 4.3a shows the DSM generated by the LiDAR data. The lowest elevations are 

shown in blue and the highest in red. The grey color indicates that no reflected pulse 

was received. The topographic arrangement of the study is clearly seen. The Yellow 

Sea is to the right and connects to the land via an extensive, low-lying area of shoals. 

River banks rise up to 2.5 m above the water in the delta area and firm land with 

elevations of over 3 m is found inland. The low lying area to the top left is a bunded 

area now being used for oil extraction; the small red points are the oil well platforms. 

The apparent curve from the left to the bottom left is the old river course. The 

distributions of channels and roads can be seen in the DSM. Figure 4.3b shows the 

coverage of LiDAR campaign with each strip represented by a different color. The 

black regions in Figure 4.3b are where no return pulse was received because the laser 

energy was totally absorbed by the water. The overlaps between adjacent strips are 

marked in white. 

Inspecting of the dataset revealed that strong specular reflection only occurred in the 

nadir region when the scanning angle was smaller than 5 degrees. Empirical fitting 

of 30,000 point samples of the data produced values for sk  and n, of 0.5 and 50 

respectively. 
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a) The DSM model of the study area  

(The black line shows the position of the profile described in 4.2 ) 

 

b) Test area with four LiDAR strips  

(The overlapping regions are marked with white lines) 

Figure 4.3 The study area DTM and LiDAR strips 

4.3.2 Results and discussion 

The intensity maps before and after corrections are given in Figure 4.4. Figure 4.4a 

is the raw intensity map for the whole region, Figure 4.4b is the intensity map after 

the environmental correction and overlap-driven adjustment was applied and Figure 

4.4c is the intensity map after the Phong model correction. In Figure 4.4a, the 

overlap discrepancies of adjacent strips and the strong specular reflections in the 

nadir regions (shown inside the white rectangles) are significant. Features that exist 
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inside specular regions are difficult to discern, e.g. buildings in the nadir region of 

strip 4. On the other hand, not all nadir regions need to be corrected, as strong 

specular reflections only in part of the image. In Figure 4.4b, after the environmental 

correction and overlap-driven adjustment, intensities in the overlap regions become 

continuous and consistent. However, strong nadir reflection can still be seen. Figure 

4.4c shows the corrected intensity map after the Phong model correction. It is clear 

that the strong reflectances in the nadir regions are significantly reduced. For 

example, the structure of the riverbank (rectangle 1) and buildings (rectangle 2) can 

now be clearly identified clearly.  

To further quantify the improvement of the proposed method, profiles were extracted 

from the intensity maps in the location shown in Figure 4.3a. The locations (not to 

scale) of the aircraft are given by the markers. To simplify the comparison, 

pseudo-values of intensity are used by rescaling them into the range of [0,1]. Figure 

4.5a shows the raw intensity profile. Obvious intensity reduction can be seen in both 

strips as the incident angle increases. In the overlap region, the intensity values of 

the two strips do not match very well with each other. Figure 4.5b shows the profile 

after the environmental correction. It can be seen that intensity at the edges of each 

profile are raised, and the overlap discrepancy is reduced. Figure 4.5c shows that the 

intensity profiles after the overlap-driven adjustment was applied and it can be seen 

that the intensity differences from the two strips in overlap regions were reduced 

significantly.  
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a) Raw intensity map. White rectangles indicate regions with strong specular 

reflectance; b) Intensity map after environmental and overlap-driven adjustment 

correction, overlapping discrepancies were removed; c) Intensity map after Phong 

model correction. Significant improvement can be found in the rectangle areas. 

Figure 4.4 Intensity maps before and after intensity corrections  
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 a) Raw dataset (significant discrepancies); b) After environmental correction 

(discrepancies decreased but still obvious); c) After overlap-driven correction 

(discrepancies decreased significantly). Blue points from strip 1, red points from 

strip 2, red markers indicate scanner location). 

Figure 4.5 Intensity profiles  

Statistics shows the mean and standard deviation of intensity differences in the 

overlap region in Table 4.1. The standard deviation of the intensity differences 
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indicates the level that can distinguished between two different objects from the 

intensity data. Under ideal conditions, the mean difference should be significantly 

smaller than the standard deviation so that the variation caused by terrain features 

can be identified. Following the environmental correction, the standard deviation is 

around 0.06, a 40% improvement compared to the raw data. The mean difference of 

the environmental data showed a 33% improvement, which is comparable with the 

standard deviation. When the overlap-driven correction was applied, the mean value 

is reduced to 0.005, which is significantly smaller than the standard deviation 0.06. 

Such a result indicates that the further use of the intensity data, such as classification, 

can be improved. 

 

Table 4.1 Statistics of intensity discrepancies 

 

Overlap intensity 

difference for 

Figure 3a 

Overlap intensity 

difference for Figure 3b 

Overlap intensity 

difference for Figure 3c 

Mean 0.06 0.04 0.005 

Std 0.10 0.06 0.06 

 

4.4 Summary 

In this chapter, three-step algorithm for LiDAR intensity correction is proposed. 

Firstly the intensity is corrected based on the theoretical radar equation to consider 

the factors of range, incident angle, and the ideal atmosphere attenuation. Then an 

overlap-driven adjustment is applied to reduce intensity overlap discrepancies from 

different flight strips. Finally the Phong model based filter is used to reduce specular 

reflection in the nadir region. The first two steps are automated while the third step 
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requires selective application to areas containing specular reflections. 

The significant contributions of the research are: 

1 There is no need to manually select points in the data sets as the overlap-driven 

approach automatically selects homologous points based on a minimum distance 

algorithm.  

2 Application of a generalized radar equation corrects intensity discrepancies 

between adjacent strips. Results from the study area show a significant reduction in 

the overlap intensity differences. The mean intensity differences between 

overlapping regions is reduced to one tenth of the standard deviation, which will not 

affect object identification from the intensity map.  

3 Strong nadir specular reflections can be significantly reduced through the Phong 

model weighted filter. Most current studies only consider the Lambertian reflection 

model which is not sufficient to describe the complex reflectance characteristics of 

LiDAR return pulses when both diffuse and specular reflections exist in a dataset. 

The proposed algorithm will automatically select regions containing strong specular 

reflectance and then apply Phong model filter. Thus there is no need to consider the 

specular reflections as outliers and to remove them from dataset. After the correction, 

features under the specular reflection regions can be clearly identified in the intensity 

map.  

Despite these results, there are still some limitations of the proposed algorithm. As 

the Phong model weighted filter is based on the assumption that the true intensity in 

the nadir and off-nadir zones are almost the same, all strong intensities identified by 
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the method in the nadir region were regarded as specular reflection. Such a 

simplification will result in some region‘s intensities being over or under corrected. 

For example, when the off-nadir region is the river, which has low reflectance, and 

nadir region contains the highly reflective river bank, the specular reflections of the 

riverbank are well managed by the correction process. In the reverse case, when the 

nadir region contains the river and off-nadir region is land, the specular reflections 

cannot be identified. Further research is needed in overcoming this limitation.  
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Chapter 5 Wetland classification using LiDAR’s multiple 

attributes  

5.1 Introduction 

Wetlands are recognized as one of the most valuable natural resources as breeding, 

rearing, and feeding grounds for many kinds of plants and animals. However, 

wetlands are degrading at an alarming rate all over the world. More than half of the 

original wetlands have disappeared due to human interactions and drainage projects 

(Cui et al., 2009). This awareness of wetland loss and degradation, and the 

announcement of laws and regulations for protecting wetlands have promoted the 

development of wetland studies. Effective management of wetlands requires 

knowledge of wetland types and their spatial distribution (Mitsch and Gosselink; 

2007), which has resulted in a process called wetland classification or inventory. It 

enables wetland managers to deal with wetland regulation, monitor wetland 

development and pay more attention to those types of threatened wetlands. 

In the last two decades, remote sensing has become one of the most efficient and 

popular methods of monitoring wetlands, as it saves time and effort and can cover 

larger spatial area (Özesmi et al. 2002; Yang et al., 2009). However, individual 

remote sensing imagers are challenging as they, in general, only spectral information 

in a two dimensional plane and cannot provide vertical distribution of object 

structure (Özesmi and Bauer, 2002; Stehman et al., 2003; Wickham et al., 2004; 

Mitsch and Gosselink, 2007). Misclassification often occurs among different objects 

that have similar spectral information. Many features are better distinguished if 
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spatial properties are introduced.  

Airborne LiDAR offers an enhanced potential for discriminating different classes 

because it provides both spatial and radiometric attributes. A number of studies used 

LiDAR‘s elevation for canopy estimation, vegetation determination, and wetland 

detection (Mason et al., 2003; Cobby et al., 2003; Töyrä and Pietroniro, 2005; Sadro 

et al., 2007; Trevor et al., 2010). Modern LiDAR systems can collect more attributes 

than just point position, such as intensity, multiple return and full waveform. 

However, few studies have focused on the classification of wetlands by considering 

LiDAR‘s multiple attributes other than elevation data. Additional inputs of data can 

provide more characteristics and lead to better resource management and behavior 

modeling. The full exploitation of LiDAR multiple attributes can get rid of 

integrating data resources from different sensors, such as camera. It also reduces the 

cost and effort of processing data from multiple sensors. In addition, the corrected 

LiDAR intensity method which was described in chapter 4 improved the feasibility 

of LiDAR intensity significantly. Therefore, there is a great potential to produce 

better result when combining LiDAR‘s multiple attributes.  

This chapter examines the application of LiDAR‘s multiple attributes for wetland 

classification using a object-oriented classification method. The YRD of China was 

selected as the study area to conduct wetland classification. LiDAR‘s attributes 

which include DSM, DTM, nDSM, multiple return, slope and normalized intensity 

are exploited for identifying different wetland classes.  
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5.2 Wetland classes of study area 

The description of study area is shown in section 3.2. It covers the current river 

mouth of the YR as shown in Figure 3.1 and constitutes the newest land in China. It 

is at the primitive stage of land-ecosystem development and is very fragile. 

Monitoring its development is very important for YRD protection. Thus, timely and 

efficient classification is a prerequisite for wetland management of the YRD.  

Wetland scientists have developed wetland classification systems to group natural 

features into similar classes. Many classification systems have been developed in the 

last few decades to cover wetlands all over the world (Stewart and Kantrud, 1971; 

Golet and Larson, 1974). Two designs of wetland classification systems exist, the 

horizontal and the hierarchical systems (Tiner, 1999). The former divides habitats 

into a series of classes. The latter provides a matrix of wetlands types with different 

levels. Wetland classes in this study are defined based on the horizontal classification 

system which produces terms that are familiar to the public and are useful for 

describing wetlands in the YRD (Tiner, 1999). Due to the diversity of wetlands, the 

YRD wetland is described as both estuarine and coastal wetland systems, one where 

a river meets the ocean. Eight major classes are defined according field surveying 

and previous studies in this region (Yue et al., 2004). Photos of the eight classes are 

shown in Figure 5.1. The eight classes include:  

1) Wet meadow (WM). It is a semi-wetland meadow which is saturated with water 

throughout much of the year.  

2) Forested swamp (FS). It is forest which is inundated with wet meadow 

http://en.wikipedia.org/wiki/Wetland
http://en.wikipedia.org/wiki/Meadow
http://en.wikipedia.org/wiki/Water
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permanently or seasonally.  

3) Phragmites (PM). It is a large perennial grass found in wetland, which is also 

called common reed.  

4) Lowland (LL). It is an expanse of land with a general low level. It is the landward 

portion of the upward slope from oceanic depths to continental highlands.  

5) Impervious surface (IS). It is artificial objects covered by impenetrable materials, 

such as roads and parking lots. 

6) River (RV). It is a natural watercourse. Since YRD is estuarine wetlands, the YR 

is the main river in this region. 

7) Sea (SEA). Sea is a large body of saline water. YRD also belongs to coastal 

wetlands which are surrounded by the Yellow Sea. 

8) Intertidal zone (ITZ). It is the area that is above water at low tide and under water 

at high tide. They are formed when mud is deposited by tides or rivers and are 

commonly known as mudflats. Most of the sediment within a mudflat is within an 

intertidal zone. Due to the fluctuation of tides, Intertidal zones are further classified 

into three categories: high tidal zone (HTZ, between maximum and minimum high 

tides according to tidal fluctuations during 2008 and 2009), middle tidal zone (MTZ, 

between minimum high tide and maximum low tide), and low tidal zone (LTZ, 

between maximum low tide and minimum low tide). 
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Figure 5.1 Photos of the eight classes in the YRD wetland 
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5.3 Wetlands classification method 

5.3.1 Difficulty in aerial photo based classification 

In this project, RGB aerial photos are also collected simultaneously with LiDAR 

data. However, three band aerial photos cannot provide detailed spectral 

characteristics necessary for classification and cannot separate wetland classes 

successfully. To illustrate these limitations, samples of eight classes were selected to 

plot the spectral space as shown in Figure 5.2, where different colors represent 

samples of different classes. X, Y and Z axis of the figure represent Red, Green and 

Blue spectrum respectively. It was found that only the spectral values of black points 

which represent impervious surface are significantly large. The other seven samples 

are mixed with each other. Moreover, samples of river and lowland are compared 

separately as shown in Figure 5.3. Five attributes which include the overall 

brightness of the three spectral layers, the red layer, the green layer, the blue layer 

and the maximum difference layer were utilized for comparison. It is clear to find 

that samples from the two classes are mixed in all the five layers (black represents 

river and blue represents lowland). This can be attributed to the huge sediments 

contained in the river, which make the river present similar reflectance as land in 

visible bands. Therefore, three band RGB photos are not sufficient to classify them. 

Many researchers indicate the potential of multispectral imageries for better 

classification. However, in this experiment, such datasets are not available. 

Therefore, it is suggested to use multispectral or hyperspectral imageries in further 

experiments. 
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Figure 5.2 Spectral spaces of samples 

 

 

Figure 5.3 Feature spaces of river and lowland (ground) 

5.3.2 Object-oriented classification method  

With the increasing image resolution, pixel-based methods are not suitable for 

processing very high resolution images as ‗salt and pepper‘ appearance is serious and 
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may degrade the classification result (Blaschke, 2010). Moreover, nearly 30% better 

accuracy is found by Harken and Sugumaran (2005) from object-based results than 

pixel-based results from Spectral Angle Mapper (SAM). The object-oriented method 

provides hierarchical structures which are similar to those of ecological systems, and 

try to use the features of segmented objects and contextual information in an 

integrative way. It is an adequate and automated method for image analysis, making 

use of spectral, spatial, textural and topological characteristics (Blaschke and Hay, 

2001). The eCognition software package of Definiens offers the ability of conducting 

object oriented classification method, which is utilized in this study.  

 Segmentation 

The first step of object-oriented method is called segmentation which aims to 

subdivide an image into several segments which correspond to objects in the terrain. 

It utilizes both spectral (features of pixels) and spatial information (shape, size and 

adjacency to other pixels) to identify objects. Five input parameters: shape, color, 

compactness, smoothness and scale are considered in eCognition for segmentation 

process (Baatz and Schape, 2000). It gives a detailed description of wetland classes 

as it groups the pixels into segments. As there are no absolute accurate parameters 

for segmentation which performed the best over the whole image, the segmentation 

strategy used in this study is a result of numerous trials using various parameters to 

explore appropriate parameters. 

 Classification 

The next step is to label these objects according to their attributes, such as color, 
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shape. eCognition supports various classification algorithms. Rule based 

classification is performed with the software eCognition which follows an object 

oriented concept. It is prominent in providing hierarchy level which is similar and 

suitable for wetland ecological systems (Tuxen and Kelly, 2008). Rule based 

classifier uses knowledge rule for identifying specific classes. For each class, a set of 

fuzzy expressions are constructed as a class description according to the 

characteristics of a class. It allows the evaluation of specific features and their 

logical operation. A class hierarchy groups classes into different level and offers a 

range for the formulation of image semantics. The details concepts and procedures 

about this classifier can be found in eCognition User‘s Guide (Baatz et al., 2004). 

5.4 Object-oriented wetland classification experiment  

The input LiDAR‘s multiple attributes include six layers which are DSM, DTM, 

nDSM, multiple return, slope and intensity as shown in Figure 3.8 to 3.13. The 

construction of those layers are shown in section 3.4.3. 

5.4.1 Classification strategy 

The strategy of rule based classification is first to create a four-level scale of 

segmentation to provide a hierarchy as different classes present different size and 

priority in classification. This process can give a better description of wetland classes 

as it groups the pixels into segments and minimizes the internal variance for each 

class. For each level, weights were assigned for each involved layer because some 

layers play significant role in segmenting a specific class while some do not. 



Chapter 5 Wetland classification using LiDAR’s multiple attributes 

 

86 

 

Therefore, a multi-level segmentation can separate multiple-size class efficiently. As 

there is no rule that defines what a successful segmentation is, a series of trails were 

needed for investigating the suitable parameters. Table 5.1 shows the selected 

parameters of four-level segmentation. For the first three levels, a multi-resolution 

method was employed as it can achieve a good result in separating multiple size 

objects. Chessboard segmentation was used in level four with fine scale because it 

can get continuous edges at the level. 

Table 5.1 Parameters for four-level segmentation 

 Method 
Layer for 

segmentation 
Scale Color Shape 

Smoothn

ess 

Com

pact

ness 

Level 1 

Multi-re

solution  

DTM 200 0.9 0.1 0.9 0.1 

Level 2 Slope,  100 0.9 0.1 0.9 0.1 

Level 3 
Intensity, 

Slope 
50 0.8 0.2 0.8 0.2 

Level 4 
Chessbo

ard 
DTM 5 - - - - 

 

When segmentation was finished, all the objects have their own spectral, shape and 

hierarchical attributes which constructed a feature library for classification. The 

decision of the input attribute was based on the observations of their characteristics. 

Figure 5.4 is a flow chart describing the classification hierarchy for the method. It 

describes the four-level segments over the entire area. The level of details increases 

as the level number increases. For example, level one is used for classify coarse 

features and level four is designed for fine features.  
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In the classification tree, Z is elevation data from LiDAR derived DTM. I is LiDAR 

intensity. S is the slope of segments. Rectangle fit is an indicator to identify squares. 

D is the distance to a defined class. nDSM represents normalized DSM. Multi-return 

is the number of returns. HTL is high tidal level calculated from tidal data. LTL is 

the low tidal level. 

5.4.2 Classification of each level 

At level 1, the coarse scale was used for large objects ―river‖. By examining the 

Level 4  
Z 

Level 3  

Level 2  

Level 1  

Z < LTL 

 

Z > HTL 

 

LTL< Z <HTL 

 

nDSM, Mul-return 

 

I, Z 

Z, I, Dis, S  

Z, I  

Rectangle fit  

Z, I, S 

LiDAR’s multiple attributes 

River Unclassified 

IS (Oil well) Unclassified IS (Road) 

WM 

 

VEG Unclassified 

ITZ LL SEA 

Tidal data 

 

HTZ MTZ LTZ 

FS PM 

Figure 5.4 Flow chart of classification 
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characteristics of river, it was found that slope, intensity and elevation are the best 

attribute to classify it, because river has significant elevation change on the edges, 

low intensity and relative lower elevation compared with adjacent objects. Thus, in 

the classification rules, river was classified by considering the thresholds of those 

attributes. 

At level 2, smaller size was used for smaller segments. Impervious surfaces were 

segmented by considering slope as they have significant elevation change on edges 

and slope based segmentation produced a good segmentation for this class. 

Impervious surfaces were divided into two kinds, road and oil well, because they 

have different features and cannot use a uniform scheme to classify them. For 

example, both of them have high intensity and relative uniform elevation value. Oil 

wells have rectangle shape, while road have a relative large slope value than oil well. 

In addition, some roads which were not identified by previous attributes were 

connected with road. Therefore, the distance feature was considered. Comparing 

with the aerial photo, it is found that most of the roads were classified accurately. 

Level 3, more detailed objects were segmented. As intensity discrepancies and strong 

specular reflections have been removed (Ding et al., 2013), it is more reliable to use 

corrected intensity data for study. Wet meadow was classified if its intensity value is 

smaller than 200 and elevation is larger than 2 m, because wet meadow was often 

formed in the inland region which has relative higher elevation and this attribute can 

be used to separate it with river and sea. Vegetations were also classified at this level, 

as they are often existed at patches. Multiple returns and nDSM were utilized for 
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vegetation classification. Then, they were further classified into forested swamp and 

Phragmites based on elevation. 

At the bottom level 4, DTM was used to separate classes with different elevation. As 

the elevation was changed continuously, objects with a large size cannot produce 

good results of continuous edges, such as intertidal zone and sea. Scale size of 5 was 

selected to ascertain the continuous edges. Here, tidal data which was collected from 

April, 2008 to May, 2009 by the nearest observation station was used. Bare ground 

above the maximum tide is classified as lowland. The regions between maximum 

and minimum tides are classified as intertidal zone. It can be further separated into 

three classes which were high tide zone, middle tidal zone and low tidal zone based 

on tidal variation. Current tidal level was identified from the point clouds to separate 

sea level as LiDAR pulse cannot get weak or no signal from water surface. The 

remaining parts that having low intensity and lower than current tidal level were 

classified as sea. 

Figure 5.5 is the classification map based on LiDAR‘s multiple attributes. It is found 

that the distribution of classified classes reflects the mechanism of YRD. For 

example, YR is a suspended river, the riverbank is relative higher than the 

surroundings and is classified as lowland. The YRD is developing eastward, the 

vegetation inside would be evolving to large vegetations. The classification result 

shows that large vegetation locates in the inland region of whole YRD. However, 

comparing the map with aerial photos visually, most of reeds in the intertidal zones, 

parts of roads and oil wells are not identified successfully. The black block in  
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Figure 5.5 Classification map based on rule based method (with LiDAR multiple attributes) 
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Figure 5.5 will be extracted for further discussion in the following sections. 

5.4.3 Improvements with aerial photos 

As mentioned in section 5.3.1, aerial photo‘s limited spectral information could not 

identify various wetland classes. Besides, YR contains large sediments and makes it 

present similar color as ground in RGB bands. Therefore, river and ground, which 

could be separated by LiDAR easily, cannot be separated by RGB bands. In addition, 

the mosaic noises reduced the quality of images. Significant mosaic lines can be 

found from Figure 3.3. 

However, there are still some advantages we can take from the image. One is the 

high resolution of RBG image (1m). In segmentation process, the edges of small and 

short vegetation patches can be identified and segmented successfully from aerial 

photos, while LiDAR data can only identify large vegetations. Second, once small 

vegetation patches are segmented, RGB image are helpful in classifying those 

segmented objects into various vegetation class. Thus, aerial photos are also added 

for segmentation and spectral information is involved for identifying vegetations in 

level 3. Comparing Figure 5.6 with 5.5, several improvements can be found. First, 

wetland classes are segmented with better accuracy which is consistent with the 

above advantages. For example, the bent part of river which was misclassified as 

inter tidal zone in Figure 5.5 is not segmented and classified as river. Many low and 

short vegetation patches which mainly located in the intertidal zones and riverbank 

are classified successfully.  
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Figure 5.6 Classification map based on rule based method (with both LiDAR data and aerial photos) 
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Figure 5.7 a) Small block from Figure 5.5; b) Small block from Figure 5.6; c) 

Small block from aerial photo 

 

A small block as indicated before was extracted as an example to show the 

improvement. Figure 5.7 a) and b) show the classification result from Figure 5.5 and 

5.6. The regions of classified vegetation class are increased in Figure 5.7 b) 

significantly. The same position was also extracted from aerial photo for visual 

inspection. It is obviously that the distribution of vegetation in Figure 5.7 b) is more 

similar than those of Figure 5.7 a). Better accuracy was derived in vegetation class, 

while the distributions of other two classes (lowland and intertidal zone) are the 

same. 

 

a) b) 

c) 
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Table 5.2 Accuracy assessment of classification result 

 

Classification 

data 

Reference data 
Row 

Total 
UA (%) 

LL WM IS FS PM RV SEA ITZ 

LL 107 2 0 1 0 3 0 8 121 88.4 

WM 4 76 1 3 0 0 0 1 85 89.4 

IS 6 4 252 9 0 0 0 0 271 93 

FS 1 1 0 189 0 0 0 0 191 98.9 

PM 9 0 0 0 76 0 0 21 106 71.7 

RV 0 0 0 0 0 40 0 0 40 100 

SEA 0 0 0 0 0 0 77 0 77 100 

ITZ 0 0 0 0 0 0 0 119 119 100 

Column Total 128 83 253 202 64 43 77 150 1010  

PA (%) 84 91.6 99.6 93.6 100 93.0 100 79.3   

Overall accuracy = 92.5% 

 



Chapter 5 Wetland classification using LiDAR’s multiple attributes 

 

95 

 

5.5 Validation of classification results 

Ground truth data based on field observations with GPS locations and points 

identified on aerial photos were used. The producer‘s accuracy (PA) and user‘s 

accuracy (UA) have been used for each category (Liu, 2007). PA indicates the 

probability that a reference pixel being correctly classified, while UA indicates how 

well the classification performed in the field by row. These measurements are 

derived from the confusion matrix, which is created on the basis of the comparison 

between the classification and the verification data.  

5.5.1 Analysis on the classification result 

Figure 5.6 derived a better result than Figure 5.5 by comparing these two results. 

Thus, we evaluate the classification result of Figure 5.6 and comparing it with other 

researchers‘ studies. The classification map Figure 5.6 provides an understanding of 

the distribution of different wetland patterns. It offers valuable information about the 

relationship among various wetland classes. The statistics of classification accuracy 

are shown in Table 5.2 with 1010 samples of different classes. In the 1010 samples, 

934 points were correctly classified. The overall accuracy of 92.5% justifies the 

validity of employing LiDAR‘s multiple attributes for wetland classification.  

By examining Table 5.2, high UA of 100% were derived in river, sea and intertidal 

zone. For river class, intensity, slope and elevation attributes play significant role in 

describing river‘s unique characteristics. While parts of lowland were misclassified 

as river, for example, the river bank which has a relative lower elevation was mixed 
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as river object in segmentation process. For sea class, both intensity and elevation 

can separate it successfully. Especially the intensity value can distinguish the sea 

accurately because significant intensity change happens between intertidal zone and 

sea. For intertidal zone, elevation and tidal data are crucial for identifying mudflat 

interacted with tidal variation. But some objects were misclassified into intertidal 

zone as they also have similar elevation. PM has a low UA of 71.70, as some small 

PM patches did not produce multiple return and they were not identified. Forested 

swamp has user‘s accuracy of 98.95% and producer‘s accuracy of 93.56%. As the 

intensity values of FS varies greatly, normalized DSM and multiple returns play a 

role in the separation of FS from other objects. Impervious surfaces have unique 

characteristics due to its particular shape and high intensity value. High accuracy of 

both UA and PA were derived. Wet meadow is often covered by water and lives on 

relative high inland. Low intensity value and relative high elevation are WM‘s 

typical characteristics. Misclassification mainly exists in LL and IS as both of them 

are close to WM. Low land is the bare ground which is above the high tidal level. It 

mainly distributed beside old and current river path, because it was formed by the 

deposited sediments.  

5.5.2 Contributions of LiDAR’s multiple attributes and ancillary 

data 

By examining the contribution of each input LiDAR attribute, it was found that 

LiDAR‘s elevation attribute was able to remove all of the confusions among wetland 

classes which are sensitive to elevation, while those classes are not able to be 
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separated by spectral data. Previous study (Wang et al., 2006) needs hydrographic 

data and statistical method to examine the relationship among suspended sediment 

load, land area increment and channel geometry. However, those terrain data can be 

provided by LiDAR data directly. In YRD, the spectral characteristics between 

intertidal mudflat and lowland in visible bands are similar as both of them are 

formed by the deposited sediments. Due to the continuing incoming of sediments, 

the elevation of inland is significantly higher than that of intertidal zone. Elevation 

and tidal data played an important role in separating them.  

During the field work, it was found that the vegetation in the inland areas are mainly 

occupied by FS with a typical height of 10 m, while vegetation in the intertidal zone 

are PM of no more than 2 m in height. Therefore, these two kinds of vegetation can 

be separated by elevation data. The normalized DSM plays an important part in 

classifying vegetations. Since the topography of YRD is very flat, an adaptive TIN 

filter can successfully filter objects above the ground such as vegetation. The 

multiple return attribute often happens on large vegetations. It represents the 

distribution of large vegetations. Both of nDSM and multiple returns were utilized in 

classifying vegetations. The slope map derived from the DTM enhanced 

significantly segmentation accuracy and integrality of segmented objects, in 

particular those with great elevation changes at their edges. These topographic 

features enabled the discrimination of steep classes, such as river, road and oil well. 

These results showed the contributions of elevation, nDSM and slope in wetland 

classification.  
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The normalized intensity provided an improved discrimination potential. Chust et al. 

(2008) also presented the importance of filtered intensity in wetlands. LiDAR 

operates over the infrared portion of the spectrum (1064 nm). It is sensitive to the 

moisture of objects. Wetland classes with water covered such as river, wet meadow 

and sea were enhanced with the help of normalized intensity. The characterization 

below the current tidal level is not possible, but it can be utilized to identify the 

edges between tidal mudflat and sea. High intensity also is derived on impervious 

surface. It helps in the identification of impervious surfaces. 

Ancillary data includes aerial photos and tidal data. As mentioned before, aerial 

photos plays role in segmenting small vegetation patches which cannot be identified 

from LiDAR data. Tidal data is useful in separating intertidal zone into three 

different regions. As different regions will have different impact on species, this kind 

of classification map will help in ecological studies. 

In order to assess the performance of using LiDAR‘s multi-attributes and ancillary 

data for wetland classification, a comparison between it and four other studies was 

conducted with the result summarised in Table 5.3. The numbers in each cell show 

either the producer‘s and user‘s accuracies or the overall accuracy if only one value 

was provided. Töyrä et al. (2005) presented an approach for monitoring 

spatio-temporal changes of wetlands using Radarsat, SPOT and LiDAR elevation 

datasets and derived a good classification result. As they mainly focused on flooding 

and vegetation mapping, the defined classes were too general. Multi-temporal 

imageries were used to identify different vegetations due to phonological changes. 
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Maxa and Bolstad (2009) utilized high resolution images and LiDAR elevation data 

for wetland mapping. Although their study improved the classification accuracy 

comparing with Wisconsin Wetland Inventory maps, the derived overall accuracy is 

74.5%. Chust et al. (2010) investigated the potential of LiDAR elevation and 

reflectance information, together with four bands imagery (three visible bands and 

one near infrared band) for coastal habitat mapping. It is indicated that LiDAR 

derived DTM contributed most to the discrimination of habitat types and images 

contributed to separate different vegetations. Davranche et al. (2010) use 

multiseason SPOT images to discriminate only vegetation types which include two 

general types: common reed and submerged macrophytes.  

Although many vegetation types can discriminated using multiple spectral datasets, 

more general classes such as the eight classes defined in this study are difficult to 

discriminate at the same time. By examining the table, it is found that our method 

can classify more general classes than the others or derive better classification 

accuracy. However, further study can combine multispectral images for experiment 

to take its advantages of identifying different vegetations. 
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Table 5.3 A comparison of classification results between our study and other studies 

 Dataset 
Wetland classes (PA+UA/Overall accuracy, %) 

LL WM IS FS PM RV SEA ITZ 

Töyrä et 

al. (2005) 

Radarsat 

SPOT 

Landsat 

 90.9+81.1  85.7+85.7 89.4+91.3 89.7+96.3 83.3+83.3  

Maxa & 

Bolstad 

(2009) 

LiDAR elevati 

on, IKONOS 
78.6+58.5 7.1+50  43.5+58.8 56.9+44.6 62.5+100   

Chust et 

al. (2010) 

LiDAR 

elevation, slope, 

shaded relief, 

reflectance 

 88.6+99.8 95.3+82 94.5+86 91+95.9   65.4+52.4 

Davranche 

et al. 

(2010) 

SPOT5, field 

data 
   97.4 98.7    

This study 

LiDAR 

elevation, 

intensity, 

multiple return, 

nDSM, slope 

84+88.4 91.6+89.4 99.6+93 93.6+98.9 100+71.7 93.0+100 100+100 79.3+100 
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5.6 Summary 

Since the YRD is alluvial plain, a huge amount of sediment will be deposited along 

the river path. The classified lowland is mainly along the current YR estuaries 

(Qing8) and old estuary (Qingshuigou) which has evolved into land because of 

deposited sand and mud. The terrain of the adjacent region also gets higher due to 

the sands deposited in the flood season. So, artificial shifting was carried out to 

protect the newly formed land and all the area along Qingshuigou was evolved to 

upland which could be drain for human use. 

Yue et al. (2003) demonstrated that the dominant vegetation in low-lying land along 

YR is Phragmites Trin., common reed. It is clear to find from our classification map 

that inland vegetations are large forested swamps while intertidal vegetations are 

Phragmites which is consistent with previous studies in YRD. Vegetations can 

absorb salt make the salt level reduced, and their dead branches and leaves 

accumulated in soil make the fertility of soil increased. The beaches near sea has a 

low and flat terrain subject to erosion of sea tide, in which salt content of soil is 

higher and S. salsa Pall. and T. chinensis Lour are dominant (Yue et al., 2003). The 

higher land has a lower salt content. Vegetations in these areas are apt to evolve to 

higher and large forest. Moreover, from the classification map, we can see that 

Qing8 has two mouths where the current mouth is facing north, and the old one, 

which was eroded by the sea due to down draft of ocean flow, is facing east. The 

lowland is mainly along the YR, because it was formed by the sediments.  

This study presents a methodology to explore LiDAR‘s multiple attributes for 
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wetland classification. After an evaluation of this method, the results have shown the 

valuable contributions of LiDAR‘s multiple attributes in wetland classification 

which is concluded as follows: 

1. LiDAR elevation can efficient classify classes which are sensitive to elevation. It 

is critical when those objects are not totally spectrally separable. Slope attribute 

plays an important role in segmentation. As it can identify objects having large 

elevation changes, objects with good shape can be segmented successfully and the 

accuracy of segmenting objects was improved.  

2. The normalized intensity which is the infrared portion of the spectrum (1064 nm) 

provided an improved discrimination potential in classes covered by water, because 

it is sensitive to the moisture of objects. It is especially useful for YRD where the 

spectral characteristics of river and land are similar in visible bands.  

3. LiDAR‘s radiometric and spatial data were treated as complementary to each other. 

The synergy LiDAR‘s multiple attributes made it possible to discriminate specific 

wetland classes in YRD. The classification results of high accuracy demonstrated 

that object-oriented method was suitable for wetland classes, as it provides a 

hierarchical structure which is similar with ecological system, and contains more 

meaningful characteristics, such as spectral, shape and contextual information.  

4. Ancillary data improves the identification of small vegetation patches and 

different intertidal zones by utilization of aerial photos and tidal data. 

5. The overall accuracy of 92.5% justifies the validity of rule based classification 

method employing LiDAR‘s multiple attributes and ancillary data for wetland 
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classification and our study provide a trial in combining LiDAR‘s multiple attributes. 
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Chapter 6 Conclusions and recommendations 

6.1 Conclusions 

The potential of LiDAR‘s spatial and radiometric attributes for undertaking wetland 

classification has been explored. Unlike previous studies undertaken in this area, this 

research has developed two key aspects in order to achieve accurate and reliable 

classification results. The first aspect relates to the radiometric quality of the LiDAR 

data and the second aspect focuses on exploiting the multiple attributes of the 

LiDAR data for classification. The contributions of the work reported here to the 

domains of radiometric correction and wetlands classification are summarized in the 

following sections. 

6.1.1 LiDAR intensity correction 

Radiometric accuracy of LiDAR data has received more and more attention for 

researchers, especially when it is used as spectral information for object detection 

and classification. However, significant errors contained in the raw intensity data. 

And the lack of an efficient algorithm in intensity error removal hindered the 

development of this use of intensity. LiDAR projects that contain specular reflectors 

create additional issues that must be resolved before accurate classification of object 

can be achieved. A method that combines both overlap-driven adjustment and Phong 

model was developed. The contribution of this method to the field of LiDAR 

intensity correction can be summarized as follows: 

1 Automatic selection of homologous points in the overlapping areas of LiDAR 



Chapter 6 Conclusions and recommendations 

 

105 

 

strips removes the need for tedious and time consuming manual point selection. The 

adopted method was shown to be suitable for projects where homogenous areas are 

not available. 

2 The proposed overlap-driven adjustment decreased the intensity discrepancies in 

overlapping regions significantly. Given unknown environmental conditions, it 

attempts to fit the intensity correction model based on the discrepancy of the 

overlaps, once homogenous points were paired.  

3 A Phong model weighted filter corrects the abnormal strong reflections found in 

the nadir regions of LiDAR data over specular reflectors significantly. The algorithm 

will automatically select regions containing strong specular reflectance and apply the 

Phong model filter. This approach means that once corrected, the specular reflecting 

surfaces are retained rather than being created as outliers and removed from dataset. 

The results showed that features initially invisible due to specular reflection could be 

clearly identified following the correction.  

6.1.2 Wetland classification 

The second aspect tests the ability of LiDAR‘s multiple attributes for wetland 

classification. This part shows that: 

1. LiDAR based topographic features enabled the discrimination of steep terrain 

classes.  

 The elevation attribute (DTM) was able to remove all of the confusion 

among wetland classes which are sensitive to elevation.  
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 A slope map derived from the DTM enhanced segmentation accuracy and 

integrality of segmented objects, in particular those with great elevation 

changes on edges, significantly.  

 Multiple LiDAR returns and nDSM are useful in classifying vegetation. 

Multiple returns occur when penetrating vegetation and the nDSM can 

classify the remaining vegetations which do not have multiple returns but are 

filtered as non ground points. 

2 The corrected intensity provided an improved discrimination potential in classes 

covered by water, because the LiDAR wavelength of 1064 nm is sensitive to the 

moisture of objects. It is especially useful for the YRD where, due to the sediment 

load, the spectral characteristics of the river and land are very similar in visible 

bands. 

3 Classification results demonstrated that an object-oriented method was suitable for 

wetland classes as it provides a hierarchical structure which is similar with 

ecological system, and contains more meaningful characteristics, such as spectral, 

shape and contextual information.  

4 The overall accuracy of 92.5% justifies the validity of employing LiDAR‘s 

multiple attributes and ancillary data for wetland classification. The utilization of 

LiDAR‘s multiple attributes enhanced the classification reliability of wetlands. 

6.2 Recommendations for further research 

The main recommendations from this research are listed as follows: 
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For LiDAR intensity, we focused on correcting LiDAR intensity discrepancies and 

abnormal strong reflections in nadir regions, but the relationship between true 

reflectivity and wetland classes has not been analysed. As intensity data plays a role 

in object identification, further study can focus on analyzing specific wetland classes 

and their reflectivity to build a LiDAR intensity library for wetland species. It could 

provide a database for better and detailed wetland classification. 

Secondly, this study classified eight wetland classes based on LiDAR‘s spatial and 

radiometric data. As wetlands have many vegetation species, further study can test 

the combination of LiDAR and hyperspectral data for wetland vegetation 

classification. More detail vegetation categories could be classified and analysed by 

employment of hyperspectral imagery. 

Thirdly, due to data limit, independent datasets are needed for accuracy assessment 

in further study. It is suggested to use sliding-based method to classify wetland 

classes sensitive to elevation first and further study will try sliding-based method for 

classification. 

At last, further study needs to concentrate on more testing with more datasets and 

more wetland types with various characteristics, such as inland wetlands, to validate 

their effectiveness. 
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Appendix 

Performance of LiDAR Geometric Calibration using 

Relative Observability Analysis Method 

1 Introduction 

An airborne LiDAR system is a multi-sensory system which consists of a GPS 

receiver, an IMU and a laser scanner. The coordinate accuracy of airborne LiDAR 

point cloud is determined by the accuracies of positioning unit (GPS/IMU), laser 

scanner distance measurements, and the alignment of the positioning unit and laser 

scanner. The relationships between the positioning unit (GPS/IMU) and the laser 

scanner are described by boresight and offset on lever arm, which are also called 

system parameters. Errors caused by the system parameters are important error 

sources that degrade the accuracy of final products. Calibration is mandatory to 

determine those systematic parameters and eliminate system errors to guarantee the 

accuracy of LiDAR point cloud (Baltsavias, 1999).  

Previous research on LiDAR calibration mainly focused on strip adjustment and 

LiDAR system calibration. Both of them aim to improve the positional quality of 

LiDAR data. Early in 1996, Kilian (1996) proposed to use overlap strips to detect 

and reduce discrepancies based on adjustment using control and tie points which was 

similar to the photogrammetric block adjustment. Burman (2000) proposed to use 

discrepancies between overlapping strips to reduce orientation errors and make 

overlapping strips coincide. Least-squares adjustment was utilized to match 
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elevation or intensity data in plane. A method to reduce vertical discrepancies in 

overlapping strips was developed in Crombaghs et al. (2000), but it is regarded not 

sufficient to evaluate overall accuracy of LiDAR data as the low horizontal accuracy. 

Pfeifer et al. (2005) and Lee et al. (2007) proposed methods for discrepancy 

determination to extract planar patches using normal vector computation and region 

growing in overlapping strips. Habib et al. (2007) proposed a mathematical model 

which is similar to photogrammetric block adjustment of independent model to 

eliminate discrepancies in overlapping strips. Habib (2009) investigated system 

biases of LiDAR point cloud from parallel overlapping strips covering same area but 

various elevations. Conjugated primitives were identified to calculate discrepancies 

and then used to estimate system parameters. A ‗quasi-rigorous method‘ which can 

apply in rugged terrain and non-parallel strips was proposed.  

Habib and Van Rens (2008) summarized various calibration methods proposed 

which consider different sets of system parameters (as shown in Table 1).As 

correctly pointed out by Habib and Van Rens (2008), there is no standard and 

commonly accepted calibration procedures for LiDAR system calibration and the 

calibration parameters are not consistent from different methods. Thus there is a 

need to develop a method to evaluate the quality of the estimated parameters, to 

compare the performance of different calibration methods, and to design an optimal 

calibration procedure based on ground calibration features available.  
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Table 1 LiDAR systematic errors considered in the previous research (Habib 

and Van Rens, 2008) 

Proposed by  Considered systematic parameters 

 Δω  Δφ Δ ΔX ΔY   ΔZ   Δρ Sρ Δθ Sθ 

Baltavista, 1999 ● ● ● ● ● ● ●  ●  

Morin, 2000   ● ● ●       ● 

Shenk, 2001   ● ● ● ● ● ● ● ● ● ● 

Skaloud/Lichti, 2006   ● ● ●    ●    

Jung/Lee, 2006 ● ●    ●  ●   

Filin, 2006   ● ● ●    ●    

Habib et al., 2007a/b   ● ● ● ● ● ●     

Δω, Δφ, and Δ are bore-sighting angular offsets,  

ΔX, ΔY, and ΔZ are lever-arm components,  

Δρ and Sρ are bias and scale factors of laser ranges, and  

Δθ and Sθ are bias and scale factors of mirror angles of a laser scanner. 

In this study, we apply the theory of relative observability (Ham and Brown, 1983) 

to analyse the calibration results of Airborne LiDAR systems. Based on this theory, 
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one can address the following questions to come up with a practical and efficient 

flight and provide a guide for further calibration procedures: 

 Which calibration result is better when using different features such as point, 

line and surface?  

 Which system parameters can be determined with different flight 

configuration and calibration features? 

 How many features are needed to acquire a stable accuracy if the parameter 

can be determined? 

 When some calibration features are not available, what is the optimal 

combination of different cases?  

 What is the relationship between estimation accuracy of system parameters 

and flight altitude? 

 How to derive an optimal flight configuration for LiDAR calibration? 

2 The relative observability method for a linear estimation 

problem 

2.1 Relative observability 

Observability is an important concept for estimation and control theory (Brockett, 

1970). For a linear estimation problem: 

vlAx                             (1) 

where A  is the design matrix, x  is the vector of parameters to be estimated, l  is 

the observation vector, v  is the measurement error vector with a zero mean and a 
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covariance matrix vQ . 

The observability of the system can be determined by simply examining the design 

matrix A . If A  is full rank, the system is observable. Otherwise it is unobservable. 

Thus, the observability of a linear estimation problem ensures that there is a unique 

solution to the problem. Although to determine the system observability with matrix 

rank checking is simple and easy to understand, this approach can only answer a 

yes-no type question. Also, it doesn‘t provide the information of relative 

observability (or degree of observability) of different linear system or different 

parameters within a linear system.  

The concept of relative observability was firstly introduced by Brown (1966). Ham 

and Brown (1983) proposed to use the eigenvalue of the variance-covariance matrix 

to represent the relative observability of a linear system. Alternative, Marques (1986) 

used the condition number to represent the relative observability and gave the 

geometric presentations of the relative observability of a linear system. The concept 

of relative observability has been widely applied in navigation to analyse the 

characteristics of various GPS/INS integration systems (Chung et al., 1996, Feng et 

al., 2012, Wu et al., 2012, Hong et al., 2008, Yoo et al. 2012). 

In this section, we will briefly introduce the concept of relative observability (Ham 

and Brown, 1983) and then extend the concept of relative observability for an 

unobservable linear system.  

The normal equations of Eq. (1) can be written as: 

WlANx T                           (2) 
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where WAAN T  is the normal matrix, and 1 vQW  is the weight matrix. 

Now let us analyse the eigenvalues of the normal matrix N . As the normal matrix 

N  is real and symmetric, the eigenvalues of the normal matrix are real and 

non-negative (Golub and van Loan,1996). Let the eigenvalues be: 

kSSS ＜＜＜ 210                          (3) 

The system is unobservable if and only if 01 S . Thus instead of determining the 

rank of the design matrix A , the observability can also be examined by computing 

the eigenvalues of the normal equation. 

If the system is observable, or 01＞S , the covariance matrix of the estimated 

parameter vector x  is, 

1 NP                             (4) 

Let xxdx ˆ  be the estimation error, x  is the true value and x̂  is the 

estimation.  

The elements of x , x̂  and dx  will be denoted with subscripts. Now we consider 

a linear combination of ndxdx ,1 defined as, 

dxv
T

nn2211 dxvdxvdxvW                  (5) 

The variance of W  is  


 


n

i

n

j

T

ijjiW Pvvpvv
1 1

2                    (6) 

where ijp  is the elements of the error covariance matrix P . Now the objective will 

be to determine the particular linear combination in Eq. (5) which results in a relative 

large W  in Eq. (6) as a large W  would indicate poor observability by the linear 
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system. 

Using a Lagrangian multiplier formulation produces 

   01 



vvPvv

v

TT                      (7) 

where   is the Lagrangian multiplier with the constraint 

1vvT                            (8) 

Carrying out the differentiation results in 

  0 vIP                            (9) 

Thus the maximum variance of the linear combination is the maximum eigenvalue of 

the covariance matrix P and the worst direction of observability is its corresponding 

eigenvector. As 1 NP  

max1 /1 S                        (10) 

where max  is the largest eigenvalue of the matrix P . 

Thus the smallest eigenvalue of the normal matrix 1S  can be used to examine not 

only the observability of the system, but also the degree of relative observability. The 

smaller 1S  is, the worse the observability is. 

In this study, the concept of relative observability is further extended to the case for 

an unobserved linear system and measurement noise level and the initial value 

quality of the estimated parameter vector x are also considered in the model. 

The general model considered here is 

,11 vlAx                          (11a) 

,20 vxx                          (11b) 
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where 1v  has the covariance matrix 1vQ , and 2v  has the covariance matrix 
0xQ .  

Eq. 11a can be a rank-deficit system (or unobservable system). 

Let 









I

A
B , 










0

1

x

l
L  

Model (11) can be written as, 

VLBx                           (12) 

And the covariance matrix of V  is 
















0
0

01

x

v

V Q

Q
Q                        (13) 

As Eq. 13 is always observable no matter Eq. 11a is observable or not, the normal 

equation of Eq. (12) can be written as, 

  111   BQBNP V

T                     (14) 

Let 0P  be the diagonal elements of 
0xQ . The covariance matrix P  can be 

normalized as (Ham and Brown, 1983) 




















nnnnn

nn

b

ppppp

ppppp

PPPP

00011

00110111

2

1

0
2

1

0

//

//







       (15) 

Now let us examine the diagonal elements iiii ppk 0/ of matrix bP . 

ik  is a dimensionless number with the value 10  ik . 

1) When 1ik , the measurement from Eq. (11a) does not contribute to the 

estimation of ix , and thus ix  is not observable. 

2) When ik  becomes smaller with the increasing number of measurements, the 

measurement from Eq. (11a) contribute to the estimation of ix  and, thus, ix  
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is observable. 

3) The smaller ik  is, the better is the observability of ix . 

4) It provides the exact number of observations where the accuracy of 

estimation ix , converges. 

Furthermore, after normalization, the positive definiteness and symmetry are 

preserved but not the eigenvalues and eigenvectors. bP  becomes dimensionless and 

its eigenvalues and eigenvectors are relative to the initial quality of the estimation. 

The eigenvector corresponding to the largest eigenvelue represent the worst direction 

of observability. 

Comparing with other observability analysis methods, this new approach has some 

advantages. 

1) It considers the statistical characteristics of measurement L and initial 

quality of the estimation of system parameters. 

2) Relative observability is defined as the improvement over the initial quality 

of the parameters. 

3) It can be used to compare the degree of observability within different 

elements of vector x , as the matrix bP  is dimensionless. 

4) It can also be used to compare the degree of observability of different 

measurements L . 
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2.2 Correlation of system parameters 

As Eq. 15 is based on the normalized variance-covariance matrix, it also can be used 

to examine the correlations among the parameters estimated by the system (Eq. 11). 

In this study, the correlation analysis is employed to calculate correlation coefficients 

to find the relationships among system parameters in order to achieve better 

calibration results.  

Correlation is a statistical technique that describes the degree of relationship between 

two variables (Spatz, 2008). The correlation coefficient quantifies the degree of 

relationship between two variables and is defined as  

      

yx

YEYXEXE





                  (16) 

where   is the correlation coefficient, X  and Y  represent two independent 

random variables respectively. x is standard deviation of variable X , and y  is 

standard deviation of variable Y . 

Correlation coefficients are calculated for each pair of system parameters according 

to Eq. (16). A value of 0.9 is set as the threshold for identifying high correlation 

between any two parameters. If two parameters are strongly correlated, the two 

parameters cannot be determined precisely at the same time.  

3. Simulation design  

When we consider an airborne LiDAR flight calibration procedure, two factors need 

to be designed by users, including calibration feature (ground features used for 

calibration), flight configuration (flight pattern and altitude).  
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3.1 Ground calibration feature 

It is well known that a distinct point cannot be directly acquired by a LiDAR system 

due to its discrete mode of operation (Ackermann, 1999). Several methods have been 

developed to extract ground points from LiDAR point cloud, such as using Lines and 

surfaces have been alternatively used as conjugate elements and are more reliably 

measured (indirectly) from LiDAR point cloud than points (Kim et al. 2007). In this 

study, two basic ground features (point and line) are considered in the analysis. Eight 

system parameters are included in the model: biases in the three lever-arm offset 

( ZYX   ,, , along-track, across-track, and vertical), biases in the three 

boresight angles (   ,, , roll, pitch, and bearing), constant bias in the 

measured ranges (  ) and constant scale bias for the encoder angle ( S ). The 

mathematical models for the point and line features are presented this section. . 

 Point 

When using a point feature for calibration, coordinate discrepancies in three 

directions reflect the impact of system biases. The distorted LiDAR point 

coordinates can be represented by a function of system parameters x


, measurements 

l


 and biases in system parameters x

 , which can be expanded using a first order 

Taylor series. The detail derivation of the point model can be found in Bang (2010). 

 lxxfX Biased


,                        (17) 

  x
x

f
Xx

x

f
lxfX TrueBiased


















 ,                (18) 

where,  SZYXx  ,,,,,,, 


. 
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In absolute calibration, biased coordinates were compared with the ground true 

coordinates. The impact of the biases in system parameters are expressed in the 

forms of Eq. (19). 
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The general observation equation for a point feature can be rewritten as 

xAXX TrueBiased


                           (20) 

where A is the 3x8 coefficient matrix, 
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When absolute ground control points are not available, relative calibration is 

considered. In this case, conjugate points from two strips were compared to derive 

discrepancies. Those positioning discrepancies can be employed to build the 

following observation equation to the eight system parameters: 
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(21) 

where, the superscript A represents one strip, B represents the other strip. The design 

of the strips will be described later.  

 Line 

Although linear features cannot used to calibrate all eight parameters, they have been 

widely used in LiDAR calibration for bearing error. When linear features were 

available, the slope bias was used to recover the parameters. Here, simulated LiDAR 

point clouds were employed to form lines and considered the slope variation in a 

plane. The equation of a line can be represented by two points    2211 ,,, YXYX , the 

linear slope can be expressed as following: 

12

12

XX

YY
k




                             (22) 

In absolute calibration, the slope of the control line is known. When biases were 

introduced, the bias-contaminated points were utilized to form bias-contaminated 

lines. Therefore, the biased points    BiasedBiasedBiasedBiased YXYX 2211 ,,,  lead to a 



Appendix 

 

138 

 

biased linear slope  
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
                         (23) 

As the biased coordinates can be represented in Eq. (20), they can be rewritten as,  
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Where, 
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Substituting (24) into (22), the following equation derived, 
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The observation equation can be rewritten as, 

         xAAkAAXXkYY
BiasedBiasedBiasedBiased XXYYBiasedBiasedBiasedBiased


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(26) 

In relative calibration, the biased slope in one strip is compared with its conjugate in 

another strip. As a line can be represented by two points, the bias-contaminated slope 

can be represented by the bias-contaminated two points. 
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Substituting (27) and (28) into (29), following equation can be derived, 
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The observation model for linear features can be rewritten as following: 
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where, the superscript A represents data from one strip, and B represents data from 

the other strip.  

3.2 Flight configuration design 

The second factor to be considered is flight configuration. Here, the simulation 

process started by generating point clouds with specific point density of a given 

surface in three strips each having a different direction, but having the same flight 

altitude and field of view, and covering the same calibration field. Three strips 

(Figure 1) were: 
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1) Strip 1 with 0 degree heading angle.  

2) Strip 2 with 180 degrees heading angle.  

3) Strip 3 with 90 degrees heading angle.  

 

Absolute calibration (includes control features) and relative calibration (without 

control features) are designed (Figure 2) and three flight configurations are formed 

as follows:  

The first configuration is absolute calibration. Error-contaminated points from strip 1 

were compared with control data to achieve discrepancies, when corresponding 

calibration features were identified from LiDAR data. The mathematical model for 

absolute calibration of using point, line and surface features are described in Eq.(19) 

and (26) respectively. 

The second configuration is relative calibration. Error-contaminated points from 

forward strip were compared with those from backward strip. Discrepancies of 

conjugate feature between these two strips were calculated. The mathematical model 

for relative calibration of using point, line and surface features are described in Eq. 

(21) and (31) respectively. 

The third one is also relative calibration. Error-contaminated points from strip 1 and 

strip 3 were compared to derive the discrepancies caused by system biases. The 

Strip 1 Strip 2 Strip 3 

Figure 1 Flight design 
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mathematical model for this configuration is the same like configuration 2. The 

difference between flight configuration 2 and 3 is the heading angle. When flight 

configuration 2 was utilized, 2/piyawyaw AB  , while in configuration 3, 

4/piyawyaw AB  . 

 

In the simulation process, following assumptions are considered:  

1) the surface is flat,  

2) the variations in the object space elevations are much smaller than flight altitude,  

3) the flight trajectory is straight,  

4) linear scanning systems are considered,  

5) all the conjugated features can be identified in the simulation.  

3.3 Simulation Design  

According to the above designs, 6 cases are considered (Table 2) to test the impact of 

deviations from different flight configuration and calibration features. In the 

simulation, the flight altitude of 1000 m and scanning angle of ±45°are adopted 

for each case. In the first three cases of using point feature, the number of 

observations increased gradually from 1 to 400 to check the improvement of the 

Strip 1with 

control data 

Strip 1 

Strip 3 

Strip 1 

Strip 2 

Flight configuration 2 Flight configuration 3 Flight configuration 1 

Figure 2 Three kinds of flight configurations 
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parameter estimation with the accumulation of observation. In the second three cases 

of using line feature, 200 lines were employed based on the simulated 400 points as 

two points form a line.  

Table 2 Six cases of different combinations 

 

Absolute calibration Relative calibration 

Flight configuration 1 

(Strip 1 & control data) 

Flight configuration 2 

(Strip 1 & 2) 

Flight configuration 3 

(Strip 1 &3) 

Point Case 1 Case 2 Case 3 

Line Case 4 Case 5 Case 6 

 

4 Simulation test 

4.1 Simulation software 

Software for calibration simulation is developed based on the relative observability 

method. It provides a user-friendly interface to select different combinations of flight 

configurations and calibration features. The interface is shown in Figure 3 and 

program flow chart is shown in Figure 4. After the selections are made, datasets are 

created and biases for each system parameter are introduced. Theoretical models are 

constructed based on the discrepancies between conjugate features. Relative 

observability can be derived and plotted out for each parameter.  
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Figure 3 Interface of the program 
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Introduced biases and 

0P  

Combine with 

another flight? 

configuration 

 

Switch: Flight Configurations 

 

Switch: Calibration features 

 

Data simulation of selected flight 

configuration and calibration features 

Calculation of relative 

observability 

Construction of mathematic models based on 

discrepancies of conjugate features 

Figures of Relative Observability  

End 

Case2:  Relative 

calibration with cross 

strips 

 

Case3:  Relative 

calibration with forward 

and backward strips 

 

Flying height, scan angle 

and number of features 

Case1: Absolute 

calibration with control 

data 

 

Case1: Point 

 

Case2:  Line 

 

Start 

Figure 4 Flow chart of calibration simulation software 
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4.2 Simulated system biases and initial quality of parameters 

Biases were added to the eight system parameters and random noise to the simulated 

measurements. They were used to derive the simulated LiDAR point cloud 

coordinates and construct the observation equations. Table 3 summarizes the 

introduced system biases and noises. 

Table 3 System biases and noises 

Items Values 

Biases in lever arm offsets 5cm/5cm/5cm 

Biases in boresight angles 0.01°/0.01°/0.01° 

Biases in laser ranges 0.5m 

Biases in encoder angle scale factor 0.002 

Random errors in position data (X/Y/Z) ±0.1m/±0.1m/±0.15m 

Random errors in encoder angles ±0.009° 

Random errors in laser ranges ±0.02m 

Initial quality of each parameter was considered in Eq. (11b) to ensure that the 

system is always observable. The initial value of parameter vector 0x  was assumed 

as zero and their variance which is the diagonal elements of matrix 
0xQ are set as 

shown in Table 4.  

Table 4 Initial quality of each parameter 

Initial 

variance 

01P  02P  03P  04P  05P  06P  07P  08P  

( X ) ( Y ) ( Z ) (  ) (  ) (  ) (  ) ( S ) 

Value  2
05.0   2

05.0   2
05.0   2

01.0   2
01.0   2

01.0   2
5.0   2

002.0  

 

5 Results and analysis of the simulated calibration cases 

Relative observability analysis aims to recover the relationship between system 
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parameter estimation and flight schemes in a calibration process. In each case, 

simulation was carried out based on the procedures in section 2 to calculate the 

values of relative observability. If a parameter is observable, its relative observability 

will decrease within the increase of observations and a stable value will be reached. 

Otherwise, the value is 1 which means measurements do not contribution to the 

estimation of the parameter. 

5.1 Analysis of Relative Observability with one ground feature and one flight 

configuration.  

 Point feature 

Firstly, let us focus on case 1, the calibration with the absolute ground control points. 

Figure 5 shows the values of the diagonal elements ik , for all eight parameters. In 

the figure, x-axis represents number of observation and y-axis shows the values of 

ik . It can be seen that all the eight parameters are observable as for all parameters 

the ik  values are less than 1. Most of the parameters can reach a stable accuracy 

within the first 100 observations except for X  and Z . The worst parameter to 

be estimated in this case is Y , with the ik  value of 0.9, which is quite close to 1. 

The eigenvector associated with the largest eigenvalue for the normalized matrix (Eq. 

15) is 

[-0.0000  0.8671  -0.0000  -0.4981  0.0000  0.0000  0.0000  -0.0000] 

This indicates the worst direction of observability is between Y  and  . Thus, 

to improve the estimation accuracy, we should add measurements which can 

estimate Y  and  accurately.  
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Figure 5 Relative observability of eight parameters in Case 1 

 

To test the relative observability with different flight height, we assumed that 

homologeous features can be identified accurately and ignored the influence of 

enlarged footprints. We used three different flight altitudes (100m, 500m and 1000m) 

for comparison. The results of the simulations are presented in Figure 6. It clearly 

shows that four parameters which are   ,,  and S can get better 

calibration accuracy with the increase flight altitude, and the other four is 

independent on flight altitude. This is understandable as the position errors are not 

increase with the offset parameters and therefore the estimation accuracy will not 

change with different flight altitude. On the other hand, the position errors increase 

when the flight altitude increase, with the same boresight angle biases. Thus the 

boresight angles estimation accuracy can be improved by increasing flight altitude. 

Of course, when flight altitude increases the density of point cloud decreases. This 
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will increase errors on matching the point cloud to the ground control points.  

 

Figure 6 Parameter estimation of different flight altitude 

Also, by examining the normalized variance-covariance matrix (Eq. 15), we found 

that Y  and  , and Z  and   are strongly correlated, with the 

correlation coefficient larger than 0.9. This means the pair of parameters cannot be 

estimated at the same time, using the absolute ground control points. One way to 

deal with this situation is to remove one parameter from the observation equation. 

Alternatively, we can fix the accuracy of one parameter as an accurate one and only 

estimate the second parameter. As we will use the same formula to calculate the 

coordinates of the LiDAR point cloud, the accuracy of the coordinates will not be 

affected. For example, if we fixed the accuracy of   as 0.0001 degree, Y  

becomes observable and the accuracy is improved 70% within the first 100 

observations (as shown in Figure 7).  
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Figure 7 Relative observability of the eight parameters in Case 1 with   

fixed 

 

Similarly, we can analyse the cases 2 and the results are shown in Table 5. 

 

Table 5 Summary of relative observability for point feature 

 

 X  Y  Z          S  

Case 1   (200-0.41) 
* 

(100-0.36) 

^ 

(100-0.75) 

* 

(100-0.27) 
(100-0.28) (100-0.28) 

^ 

(50-0.10) 
(100-0.04) 

Case 2  (100-0.30) 
* 

(100-0.23) 
- 

* 

(100-0.12) 
(100-0.15) - - - 

Case 3  (200-0.35) 
* 

(100-0.28) 
- 

* 

(100-0.15) 
(100-0.26) (100-0.30) (100-0.2) (100-0.08) 

 

 

In Table 5, the first number in the brackets represents the number of observations 

where parameter converges. The second number represents the value of ik . If the 

first number is the maximum number of involved observation, it means its accuracy 
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decreased gradually. The smaller the first number, the faster a stable level is achieved. 

The smaller the second number, the better is the relative observability. Cells marked 

with ―-‖ indicate that those parameters are not observable in that case. Those that are 

correlated are marked with ―*‖ or ―^‖.  

From Table 5, it can be seen that for all three cases, Y  and   are correlated. 

For case 2, the parameters Z ,  ,  , and S  are not observable. For case 

3, Z  is not observable. Also, we can see if we combine case 1 and case 3, both 

Z  and   will become observable.  

 Line  

Similarly, we analyse the cases 4-6 with line feature. The results are summarized in 

Table 6. 

 

Table 6 Summary of relative observability for line feature 

 X  Y  Z          S  

Case 4  - - - - - (200-0.4) - (50-0.4) 

Case 5  - - - - - - - - 

Case 6  - - - - - (50-0.25) - (100-0.58) 

         

It is clearly shown that for line features, most of the system parameters are not 

observable, except the bearing angle   and bias for the encoder bias for the 

encoder angle S .  

The above analysis clear shows the advantages of applying the relative observability 

theory to study LiDAR calibration in different cases. It help us to understand why 
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different authors select different sets of system parameters for estimation, some of 

them may be due to unobservable and some of them may be due to strong correlation. 

It also reveals some detailed information which is not able to see clearly from the 

variance-covariance matrix itself. For example, we found that the weakest direction 

of observability is in the direction between Y  and  , and increase flight 

altitude can improve the accuracy of boresight angle estimation. Line features can 

only be used to calibrate the bearing angle   and bias for the encoder bias for 

the encoder angle S .  

5.2. Relative observability analysis with combined flight 

configuration  

The relative observability analysis method can also be used to analyse the 

combinations of different ground features and flight configurations. As an example, 

the calibration procedure proposed by Bang (2010) is used to analyse the 

performance of the method. In Bang‘s proposal, the calibration is carried out in three 

stages: 

Stage 1: Strips 1 and 2 were flown in opposite directions with 100% overlap, with a 

flight altitude of 1000m. 

Stage 2: Strips 3 and 4 were flown in the same direction with 50% overlap, with a 

flight altitude of 1000m. 

Stage 3: Strips 5 and 6 were flown in opposite directions with 100% overlap, with a 

flight altitude of 2000m.  
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The same 6 strips were simulated with the plots of the relative observability results 

for eight system parameters shown in Figure 8. For each subfigure, 300 points were 

simulated. The first 100 points were simulated from Strips 1 and 2. The second 100 

points were simulated from Strips 3 and 4. The last 100 points were simulated from 

Strips 5 and 6. 

It is clear to see that only three parameters ( X ,  and  ) are observable 

when using Strips 1 and 2. When adding Strips 3 and 4, five parameters are 

observable which are X ,  ,  ,  , and S . When adding Strips 5 and 

6, six parameters ( X , Y ,  ,  ,  , and S ) are observable. The 

vertical offset Z  and the Therefore, seven parameters are observable by 

combining these flight configurations, and Z and   are not observable. This 

is consistent with Bang‘s conclusion that only bias in the lever-arm along the Z axis 

is not determined. Although Bang did not give a detailed description of why he 

chose these three pairs of strips, the importance of each strip can be explained clearly 

by the relative observability analysis.  
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Figure 6 Calibration result with Bang’s flight configuration 

 

6 Summary 

This chapter applies the theory of relative observability to assess the quality of 

airborne LiDAR system calibration. Using this method, we are able to analyse 

different calibration methods under one theoretic framework. Also, the observability 

of individual system parameter and the correlation between two parameters are 

clearly revealed, which is greatly helpful for users to simplify their observation 

equations based on ground features available. The method can be used to analyse 

single ground feature with single flight configuaations, as well as multiple ground 

features and flight configurations. Through the simulation studies, they will provide 

us clues on what more measurements should be added or what flight configurations 

should be adopted to optimize the system parameter estimation. Further study can 

consider 3D line, the extraction of line feature and the effects from GPS and INS. 

Real datasets are needed for validation of this method. 
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