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Abstract
Extracting geographic objects has long been an essential research topic in

geographical sciences and remote sensing. Past research has been primarily

focused on tackling specific types of objects by using particular features, and

little attention has been paid to the following three aspects: 1) developing

more operational methods that can be applied to handle multiple types of

objects by exploring more generic features; 2) improving the computational

efficiency of existing methods; and 3) increasing the degree of automation of

object extraction to reduce the load on users. Thus, object extraction from

remote sensing images remains challenging.

In recent years, level set evolution (LSE) has proven effective at object

extraction. It can handle topological changes automatically while achieving

high accuracy. However, the application of the state-of-the-art LSE methods

is compromised by laborious parameter tuning and expensive computation.

For these reasons, two fast LSE methods are proposed to extract anthro-

pogenic objects from high spatial resolution remote sensing images. The

significant advantages of the proposed LSE methods are as follows: 1) two

novel data terms (one is an edge-based and the other is a region-based) are

proposed based on the conventional LSE methods and they are more practical

and efficient than the existing approaches; 2) the traditionally used mean

curvature-based regularization term is replaced by a Gaussian kernel in the

proposed methods, which makes it possible to use a larger time step in the

numerical scheme, thus expediting the proposed methods considerably; 3)

for computational efficiency, the level set function in the proposed methods

is initialized as a binary function rather than the traditionally used signed

distance function; and 4) a long straight line finder and a change detection
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technique are introduced into the proposed LSE methods, automating the

proposed methods substantially.

Although LSE methods have shown promising performance in homo-

geneous object extraction, they generally have difficulty in handling het-

erogeneous objects as they only take advantage of the intensity (spectral)

information. To develop a more general and reliable object extraction system,

an enhanced binary Markov random field (MRF) is thus proposed, which

takes advantage of both the spectral and spatial contextual information of

objects of interest simultaneously. The principal novelties of the proposed

method are as follows.

First, a new mixture model (MM) is proposed for spectral learning.

Compared to the existing Gaussian mixture model (GMM), the proposed

MM is more robust to objects that do not follow the trained Gaussian dis-

tributions. Then, for computational efficiency, the parameters in MM are

estimated by using tree-structured vector quantizer (TSVQ) instead of the

expectation-maximization (EM) algorithm widely used in GMM. Next, a

morphology-based post-processing mechanism is particularly devised to im-

prove its performance. Finally, the proposed enhanced MRF is automated by

using a multi-threshold method and is then applied to automatic burned area

mapping from Landsat 8 images.

The efficiency and accuracy of the proposed methods (both LSE methods

and the enhanced binary MRF) are finally corroborated by a wide range of

experiments. Compared with other state-of-the-art approaches, they have

following significant advantages: 1) they are capable of dealing with mul-

tiple types of objects (including both anthropogenic and natural objects)

effectively, 2) they can achieve much better performance, 3) they are com-

putationally much more efficient, and 4) they are operational and reliable

in real applications due to less parameter tuning and appropriate manual

interaction.
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1Introduction

„If you’re not failing every now and again, it’s

a sign you’re not doing anything very

innovative.

— Woody Allen

1.1 General Introduction
Extracting valuable geographic information from remote sensing imagery

has always been an essential research topic in geographic sciences and

remote sensing. For example, extracting anthropogenic objects (e.g., road

networks, building roofs, and airport runways) from very high resolution

(VHR) optical images is beneficial for a diverse range of applications such as

quantification of impervious surfaces (Wu and Murray, 2003; Powell et al.,

2008; Weng, 2012), thematic cartography (Duca and Del Frate, 2008), timely

update of urban geographic information system (GIS) (Dekker, 2003; Mena,

2003), disaster assessment (Park et al., 2013; Tong et al., 2012), and military

reconnaissance (Aytekin et al., 2013). Extracting natural objects such as

forests (Tuominen and Pekkarinen, 2005; Mallinis et al., 2008), water body

(Feyisa et al., 2014), tree crown (Ardila et al., 2012; Tang et al., 2013; Ursani

et al., 2012; Lahivaara et al., 2014; Ardila et al., 2011; Leckie et al., 2005),

and landslides (Nagarajan et al., 1998; Guzzetti et al., 1999; Dai and Lee,

2002; Zhou et al., 2002; Tralli et al., 2005; Kieffer et al., 2006; Stumpf and

Kerle, 2011; Qiao et al., 2013) are crucial for environmental and climate

change research.

Typically, anthropogenic objects can be identified by using their intrinsic

geometric properties (Baltsavias, 2004). For instance, roads often appear as

elongated features with homogeneous intensities (Hedman et al., 2010; Hu

et al., 2007; Shi et al., 2013), and thus, extracting road networks in some

sense amounts to detecting line segments. Different from roads, building
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roofs generally consist of rectangles (Ortner et al., 2008) or regular polygons

with parallel lines (Noronha and Nevatia, 2001) and right angles. As a

consequence, corner detector is often employed for building extraction in

some studies (Cote and Saeedi, 2013; Sirmacek and Unsalan, 2011). In

addition, building shadows generated due to the slanted incident light in

remote sensing images can also provide auxiliary information for building

extraction (Ok et al., 2013). In contrast, natural objects (e.g., trees and

landslides) are often characterized by distinctive spectral signatures and

heterogeneous intensities. Thus, they are generally detected by using spectral

information or textual information (Baltsavias, 2004).

The abundant spectral information offered by hyperspectral images

is useful for image classification (Azar et al., 2013; Harsanyi and Chang,

1994), subpixel target detection (Manolakis et al., 2001), and extraction of

natural objects (Baltsavias, 2004). However, despite the rapid advancement

of remote sensing technology, the available spectral information for the

commonly used VHR optical images is very limited. For example, only three

visible bands (i.e., blue (B), green (G), red (R)) and one near-infrared (NIR)

band are currently available for images offered by satellite sensors such as

Ikonos, Quickbird, Pleiades-1, and Geoeye-1. In addition, Worldview-1 only

has a panchromatic band and no multispectral bands available.

Over the past few decades, numerous approaches have been developed

for geographic object extraction from optical remote sensing images. Some

comprehensive reviews can be found in (Blaschke, 2010; Mayer, 2008).

However, object extraction from optical remote sensing images is still an

open problem and the state-of-the-art methods face the following four major

challenges.

1. The high complexity of optical images. Today, the increasing spatial

and spectral resolutions of optical remote sensing images lead to a

rapid increase of complexity of image analysis correspondingly (Younan

et al., 2012). The complex scenes often pose great challenges for object

extraction. That is because the geometric shapes, spectral signatures,
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and texture features of the backgrounds are highly similar to those of

desired objects. In addition, despite the high performance computing,

the challenges for fast processing of large volumes of remote sensing

data still remain (Fang et al., 2014).

2. Spectral limitation of the VHR images. As mentioned before, there

are only four spectral bands (i.e., B, G, R, and NIR) available for

the commonly used VHR images offered by sensors such as Ikonos,

Quickbird, Pleiades-1, and Geoeye-1. Although Worldview-2 has four

more spectral bands, they are primarily used for vegetation analysis.

3. Limited degree of automation. Currently, the degree of automation

for object extraction from remote sensing images is still not very high.

To date, it is still challenging to devise a fully automated object ex-

traction system (Brenner, 2005). From a practical perspective, semi-

automatic methods with appropriate human intervention are more

appealing (Mayer, 2008).

4. Multi-object extraction. Most state-of-the-art object extraction meth-

ods are often particularly developed to extract one specific type of

object instead of multiple kinds of objects.

Based on the above analysis, it can be found that there is a tremendous

need to develop newer and more generic methods for geographic object ex-

traction, particularly for dealing with multiple types of objects from complex

remote sensing images. Thus, the main objectives of this thesis are presented

as follows.

First, this thesis is aimed to develop newer and more generic object ex-

traction methods, which are capable of handling multiple types of geographic

objects from remote sensing imagery. Specifically, two new level set evolution

(LSE) methods and an enhanced binary Markov random field (MRF) will be

proposed. The former will mainly take advantage of the spectral information

of the desired objects, the latter will take into account both the spectral and

spatial contextual information of objects of interest.

1.1 General Introduction 3



Second, to extract objects of interest from remote sensing imagery with

accurate boundaries, this thesis will propose new data terms for the LSE

methods and new spectral learning model for the MRF.

Third, the newly proposed methods in this thesis will also be compu-

tationally efficient so that they can be readily used in real applications. To

achieve this goal, greater time steps will be able to be used in the numerical

iterations of the proposed LSE methods and a fast parameter estimation

algorithm will be introduced into the proposed binary MRF.

Fourth, the newly proposed methods will be more automated than the

existing methods, thus dramatically reducing the load on users. In this thesis,

the proposed LSE methods will be automated by incorporating a line finder

and a change detection technique. Also, the proposed enhanced MRF can be

automated by using change detection methods.

Finally, a wide range of experiments will be conducted to corroborate

the applicability and generality of the proposed methods.

1.2 Thesis Structure

The thesis is organized as follows.

Chapter 2

This chapter gives a detailed review of the previous approaches for ob-

ject extraction from remote sensing images. Specifically, the past methods

are classified into three major groups: feature-based, learning-based, and

statistics-based. At the same time, they are categorized into two major classes,

i.e., semi-automated and automated, according to the degree of automation.

Chapter 3

In this chapter, I begin with a brief review of the previous LSE methods. Then,

two new LSE methods are proposed: one is an edge-based LSE and the other

is a region-based LSE, and their numerical implementation is described in

detail. Next, the proposed methods are employed to extract multiple types

of anthropogenic objects from different images and their advantages are
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corroborated by comparing with other state-of-the-art methods. Finally, ex-

perimental results are discussed and several perspectives for future research

are offered.

Chapter 4

This chapter presents two types of methods to automate the proposed LSE

methods. First, a long straight line finder is employed to generate the initial

level curves automatically, and then the proposed region-based LSE method

is applied to extract airport runways from Google Earth images. Similarly, a

change detection technique is then introduced into the proposed LSE meth-

ods to generate the initial level curves automatically, and they are further

applied to map landslides from bitemporal aerial orthophotos.

Chapter 5

This chapter describes the proposed enhanced binary MRF in detail. First,

the online spectral models of the object and background are learned from the

labeled pixels using a newly proposed mixture model (MM), which consists

of both Gaussian and uniform components. Then, the posterior probabilities

of the unlabeled pixels are obtained using Bayes’ theorem. Next, the binary

MRF is employed to extract accurate object boundaries. As binary MRF often

extracts other spectrally similar objects, a morphology-based post-processing

technique is particularly devised to improve its performance. Finally, the

efficiency and accuracy of the proposed method are corroborated by a series

of experiments. Compared with state-of-the-art approaches, it is capable of

dealing with multiple types of objects (including both anthropogenic and

natural objects) while providing high quality performance.

Chapter 7

This chapter concludes the whole thesis. The advantages and limitations of

the proposed methods are discussed in detail and the perspectives for future

research are offered.

1.2 Thesis Structure 5





2Literature Review

„There is a way to do it better - find it.

— Thomas Edison

This chapter gives a detailed review of previous approaches for object

extraction from remote sensing images, and discuss their limitations in real

applications.

2.1 Prior Approaches
Geographic object extraction is an essential research topic in remote

sensing and geographical science (Mayer, 2008; Rottensteiner et al., 2014;

Bai et al., 2014). It aims to extract accurate object boundaries from complex

remote sensing images such as optical images (spectrum ranges from visible

to longwave infrared) and non-optical images (microwave) (Sowmya and

Trinder, 2000). There are broadly two types of objects present in remote

sensing images: natural objects and anthropogenic objects. Generally, natu-

ral objects (e.g., grasses, trees, forests, and glaciers) are typical of distinct

spectral or texture signatures (Huete et al., 2002; Baltsavias, 2004; Laliberte

and Rango, 2009) as well as complicated boundaries. By contrast, anthro-

pogenic objects (e.g., roads, buildings, parking lots) have comparatively

limited spectral features (Li et al., 2015). Yet, they are often characterized

by regular geometric shapes such as straight or parallel lines and corners

(Ou et al., 2013). To date, numerous approaches have been developed for

object extraction from remote sensing images. Previous pioneering works are

briefly surveyed as follows.

In this thesis, previous object extraction methods are loosely classified

into three categories, i.e., feature-based (e.g., keypoint, line, corner, junction,

spectral or color, and texture), learning-based (e.g., artificial neural network

(ANN), support vector machine (SVM), boosting, and deep learning), and

statistics-based (e.g., Bayes, Markov random field (MRF), and conditional
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random field (CRF)). In addition, they can also be divided into two major cat-

egories according to the level of automation: semi-automated (or interactive)

and automated.

2.1.1 Feature-Based Methods

Methods of this type are primarily developed for low-level image analysis.

They can be further subdivided into three classes: shape-based, spectral-

based, and texture-based.

1. Shape-based approaches are best suited for anthropogenic object ex-

traction. That is because anthropogenic objects are often characterized

by their intrinsic geometric features, such as line segment, rectangle,

right angle, and parallel line. In remote sensing images, roads and

buildings are often composed of linear boundaries and homogeneous

regions with marked contrast to the nearby objects. For instance, lin-

ear feature (Tupin et al., 1998; Jeon et al., 2002; Shi and Zhu, 2002;

Tupin et al., 2002; Quackenbush, 2004; Hedman et al., 2010; Das et al.,

2011), and L- and T-shape junctions (Negri et al., 2006; Hu et al., 2007)

are used for road detection. Keypoints (Sirmacek and Unsalan, 2009),

corners (Sirmacek and Unsalan, 2011; Cote and Saeedi, 2013), and

parallel lines (Xu and Jin, 2007; Katartzis and Sahli, 2008; Izadi and

Saeedi, 2012) are employed for building extraction. In recent years,

stochastic geometry models such as Gibbs and marked point process

have also been utilized for man-made object extraction (Lacoste et al.,

2005; Ortner et al., 2007; Stoica et al., 2004; Tournaire et al., 2010).

However, shape-based methods alone are often inadequate to handle

natural objects due to the fact that natural objects often have highly

complex boundaries. In this respect, the applications of shape-based

methods are very limited.

2. Spectral-based methods usually take advantage of spectral (color) fea-

tures to extract objects of interest from remote sensing images. Color
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space transformation is the common operation. For example, it is used

for object segmentation in (TriasSanz et al., 2008) and shadow detec-

tion in (Tsai, 2006). The original RGB images were converted into YIQ

ones for building extraction in (Awrangjeb et al., 2010). In (Izadi and

Saeedi, 2012), building shadows were extracted from HIS color space.

Recently, the original RGB images were transformed into HSV and

YIQ color spaces for building roof extraction (Cote and Saeedi, 2013).

Over the past decades, various spectral indices (i.e., the mathematical

combinations of different bands) have been developed for object de-

tection from multispectral images (Wentz et al., 2014). For example,

normalized difference vegetation index (NDVI) was used to remove the

tree-generated lines for further refinement of the building extraction

(Awrangjeb et al., 2010). More recently, NDVI and brightness index

were utilized to extract vegetation and shadows from Ikonos images,

respectively (Sebari and He, 2013). Enhanced vegetation index are

devised for vegetation quantification (Huete et al., 2002; Haboudane

et al., 2004) and tree detection (Ardila et al., 2012). Normalized differ-

ence built-up index is used for built-up area extraction (He et al., 2010).

Automatic water extraction index is employed for urban water body

mapping (Feyisa et al., 2014). In a recent study, spectral information

is employed for automated detection of buildings of arbitrary shapes

(Ok et al., 2013). However, for high spatial resolution remote sensing

images, the available spectral bands are often finite.

3. Texture-based approaches, on the other hand, are mainly employed for

natural object detection in remote sensing. Gray-level co-occurrence

matrix by far is the most commonly used texture feature description

approach. It has been applied in a wide range of fields such as sea ice

pattern detection (Soh and Tsatsoulis, 1999), forest inventory (Tuomi-

nen and Pekkarinen, 2005), urban land classification (Pacifici et al.,

2009), and landslide mapping (Qiao et al., 2013). Co-occurrence prob-

abilities are examined in comparison to MRF for sea ice texture analysis
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in (Clausi and Yue, 2004). Local indicators of spatial association are

employed for vegetation classification in (Mallinis et al., 2008). Entropy

has shown to be the best texture measure for aerial image classifica-

tion in (Laliberte and Rango, 2009). A comparative study shows that

no single texture detection method is consistently effective (Randen

and Husoy, 1999). Overall, different objects exhibit different texture

features, and thus, it is challenging to choose the optimal texture delin-

eation in practical applications.

4. In some latest studies, the shadow is regarded as one of the important

clues for building reconstruction. For instance, it was used to estimate

the building height from satellite images (Izadi and Saeedi, 2012),

assess the damages caused by the earthquake by comparing the differ-

ences between the pre- and post-seismic building shadows (Tong et al.,

2013), and produce labels for the semi-automated GrabCut approach

for building extraction (Ok et al., 2013).

2.1.2 Learning-Based Methods

Methods of this type usually exploit low-level image features detected

by feature-based techniques to train some classifiers that are then applied

for other general applications. As an earlier machine learning method, ANN

has been broadly applied in remote sensing (Mas and Flores, 2008) such

as oil spill detection in (Topouzelis et al., 2007). In recent years, SVM has

become increasingly popular for applications such as anthropogenic object

extraction (Inglada, 2007; Matkan et al., 2014). A survey on SVM can be

found in (Mountrakis et al., 2011). In some contexts, online boosting is

exploited for car detection (Grabner et al., 2008) and land cover classification

(Evrendilek and Gulbeyaz, 2011). Learning-based approaches will receive

more attention in remote sensing due to the emergence of deep learning

(Farabet et al., 2013). In a latest study, a deep neural network is employed

for ship detection from satellite images (Tang et al., 2015).
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2.1.3 Statistics-Based Methods

Statistics-based methods are built upon probability theory, and thus, they

often have solid mathematical basis. The past decade has witnessed their

widespread applications in remote sensing. For instance, Bayesian approach

is used for road tracking (Zhou et al., 2006) and tree detection (Lahivaara

et al., 2014). MRF (Li and Singh, 2009; Szeliski et al., 2008) is applied for

urban tree extraction from very high resolution (VHR) images (Ardila et al.,

2011), building extraction from Lidar data (Santos Galvanin and Porfirio

Dal Poz, 2012), and scene classification (Gerke and Xiao, 2014). In different

contexts, CRF is exploited for 3D city modeling (Lafarge and Mallet, 2012),

building extraction from Lidar data (Niemeyer et al., 2014), and remote

sensing image classification (Zhong et al., 2014a; Zhong et al., 2014b; Zhao

et al., 2015; Zhang and Jia, 2012). A recent study notes that statistics-based

approach is one of the most promising approaches in the field of computer

vision (Chellappa, 2012).

As previously stated, according to the degree of automation, traditional

methods can also be categorized into two major classes: semi-automated (or

interactive) and automated.

2.1.4 Semi-Automated Methods

Currently, a series of semi-automated commercial software products is

readily available. Among them, eCognitions (Benz et al., 2004) has been

widely used for object-based image analysis such as the quantification of

shrub and grass changes (Laliberte et al., 2004), vegetation classification

(Yu et al., 2006), forest boundary delineation (Mallinis et al., 2008), urban

land cover detection (Myint et al., 2011), landslide mapping (Stumpf and

Kerle, 2011), seagrass mapping (Roelfsema et al., 2014), and land cover

classification (Li et al., 2014a). Also, for specific applications, some special

semi-automated systems have been devised such as Individual Tree Crown

for tree recognition (Leckie et al., 2005). In recent years, level set evolution
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(LSE) has received increasing interest in remote sensing for object extraction.

For instance, region competition (Zhu and Yuille, 1996) is used for road

extraction (Amo et al., 2006). Geodesic active contour (GAC) (Caselles et al.,

1997) is used for coastline extraction (Tello Alonso et al., 2011). Active

contours without edges (ACWE) (Chan and Vese, 2001) is employed in (Celik

and Ma, 2011) for change detection. Distance regularized level set evolution

(DRLSE) (Li et al., 2010) is exploited for building extraction in (Cote and

Saeedi, 2013). More recently, several new LSEs have been developed for

anthropogenic object extraction (Boyko and Funkhouser, 2011; Li et al.,

2015) and crop field extraction (Yan and Roy, 2014).

2.1.5 Automated Methods

Although automatic pattern recognition currently remains challenging, a

number of automated or even fully automated algorithms have been proposed.

For example, an unsupervised segmentation is devised for geographic object

extraction in (Akcay and Aksoy, 2008). A thresholding method is used

for lake detection in (Liang et al., 2012). Low-level linear feature and key

point feature are exploited for building detection from SAR images in (Xu

and Jin, 2007; Ferro et al., 2013) and car detection from aerial images in

(Moranduzzo and Melgani, 2014). A fully automated system is developed for

change detection in (Klaric et al., 2013). Recently, an automatic approach

based on Grabcut (Rother et al., 2004) is presented for building extraction in

(Ok et al., 2013). An unsupervised neural network is designed for suburban

change detection in (Pratola et al., 2013) and oil spill detection in (Taravat

et al., 2014) from VHR SAR images.

It is not very easy to make an exhaustive survey here. Related review

articles can be found in (Mayer, 2008; Rottensteiner et al., 2014; Sowmya

and Trinder, 2000; Baltsavias, 2004). According to the above brief overview,

it can be found that object extraction from remote sensing images is still

an open problem. Although a number of semi-automated or automated

methods have been developed within the past several years, they are not
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always perfect in practical engineering applications (Mayer, 2008; Baltsavias,

2004). To sum up, two difficulties still remain. First, traditional methods are

often brittle. That is, an approach may be effective in some situations but

not in others. For instance, although geometric feature based approaches

are effective to extract anthropogenic objects (e.g., roads and buildings),

they have difficulty in handling natural objects (e.g., trees). Second, with

the advancement of the sensor technology, the complexity and irregularity

of remote sensing images are soaring. Geographic object extraction is thus

becoming increasingly challenging, in particular, in cases where different

objects appear spectrally similar and the desired objects are immersed in

cluttered scenes. Thus, to alleviate the current situation to some extent, there

is clearly a need to develop newer and more reliable techniques.

2.2 Limitations of State-of-the-Art

Approaches

Despite significant efforts, there is still room to develop more reliable

and practical methods for object extraction from remote sensing images.

First, to the best of my knowledge, the state-of-the-art methods are

mainly developed for dealing with one specific type of object, rather than

multiple types of objects. They generally take advantage of geometrical

shapes, spectral information, or some other specific features such as shadow,

which makes them effective in extracting some kinds of objects but may

fail to extract others since different objects have their own intrinsic features.

Therefore, there is a need to explore more generic features that can be applied

to extract multiple types of objects from complex remote sensing images.

Second, traditional methods can be further improved by integrating

multiple types of features of object of interest. There are very few studies

that simultaneously take account of spectral and contextual information for

object extraction from remote sensing images. To develop a more generic
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object extraction method, this thesis thus attempts to take advantage of them

both in my proposed system.

Finally, according to the above review, I found that there are very little

attention that has been paid to enhancing the computational efficiency of

the proposed approaches. However, with the rapid advancement of remote

sensing technology, it is imperative to develop more computationally efficient

methods to handle large volumes of remote sensing data.

14 Chapter 2 Literature Review



3Proposed Level Set Evolution

Methods

„You have to learn the rules of the game. And

then you have to play better than anyone

else.

— Albert Einstein

This chapter is based on my journal paper (Li et al., 2015).

This chapter first gives a brief review of the previous level set evolution

(LSE) methods and their applications in remote sensing. Then, the gener-

alized LSE formula is derived from existing methods, which would make

it more easier to understand its essence. Then, the proposed two fast LSE

methods are elaborated: one is an edge-based and the other is a region-based.

Finally, to demonstrate the advantages of the proposed methods, they are

compared with each other and also with other state-of-the-art LSE methods,

by applying them to extract objects of interest from a series of remote sensing

images.

3.1 Previous Work

The key idea of LSE is to track the moving zero-level-set in a dynamic

higher-dimensional level set function (LSF). The intersection between the

zero-level-set and the LSF is called zero level curve (ZLC), which is strictly

closed. Thus, tracking the movement of the zero-level-set is equivalent to

describing the variation of ZLC. With the evolution of the LSF, ZLC changes

automatically and it continues to move until some stopping criteria are met.

I typically refer to the stopping criterion as the data term that pushes the

moving ZLCs toward the desired object boundaries. During the evolution of
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ZLCs, some regularization terms are used to keep ZLCs smooth and regular.

The original LSE proposed by Osher and Sethian (1988) is given as follows:

φt = F (κ)|∇φ| (3.1)

where φ is the LSF; t is a temporal variable; κ is the mean curvature of ZLC;

F (κ) is a function with respect to κ; and ∇ is the gradient operator. In order

to obtain accurate and robust results, a variety of data terms and regularizing

terms have been proposed within the past few years. According to the data

terms, LSE can be grouped into two classes: edge-based and region-based.

In the following, I investigate the two types of LSE in detail. Some review

articles regarding LSE can be found in (Cremers et al., 2007; Fedkiw et al.,

2003) for 2D object extraction and (Nielsen et al., 2007; Dijk et al., 2013) for

3D shape reconstruction.

3.1.1 Edge-Based Level Set Evolution

As early as 1993, Caselles et al. proposed the following edge-based

LSE:


φt = g(I)|∇φ|

(
div

(
∇φ
|∇φ|

)
+ ν

)
g(I) = 1

1+|∇Gσ∗I|2

(3.2)

where φ denotes the LSF as before; I represents the original image; g(I) is

an edge function with respect to the image gradient ∇I; div (∇φ/|∇φ|) is

the mean curvature of ZLC, i.e., κ in (3.1) (Caselles et al., 1993); div is the

divergence operator; ν > 0 is a constant; Gσ is a Gaussian kernel with the

standard deviation σ; and ∗ is the convolution operator. In (3.2), g(I) is the

data term that attracts ZLCs toward the object boundaries, whereas the term

|∇φ|div (∇φ/|∇φ|) is called regularization term that keeps the smoothness

of ZLCs.
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Later, Caselles et al. (1997) proposed a geodesic active contour (GAC)

that is an extension of (3.2). Its level set formula is given below:

φt = g(I)|∇φ|
(
div

(
∇φ
|∇φ|

)
+ ν

)
+∇φ · ∇g(I) (3.3)

In comparison to model (3.2), GAC in (3.3) embraces an extra gradient term,

namely, ∇φ · ∇g(I), which is capable of pushing ZLCs toward the desired

object boundaries, along which high gradient variations exist.

In traditional LSE, LSF φ becomes irregular as it evolves, which finally

leads to incorrect zero-level-sets. To obtain stable results, LSF should be peri-

odically reinitialized to a signed distance function (SDF) during its evolution.

However, the reinitialization step for LSF is problematic, both theoretically

and practically (Li et al., 2010). To address this problem, Li et al. (2010)

proposed a distance regularized level set evolution (DRLSE) that does not

need to reinitialize LSF repeatedly and most importantly, it is able to maintain

the LSF regular automatically. The evolution equation of DRLSE is given

below:

φt = µdiv (dp(|∇φ|)∇φ) + λδε(φ)div
(
g
∇φ
|∇φ|

)
+ αgδε(φ) (3.4)

where

dp(s) =


sin(2πs)

2πs , if s ≤ 1

1− 1
s
, otherwise

(3.5)

where div (dp(|∇φ|)∇φ) is called distance regularization term; g is the edge

function as before; δε(·) is the Dirac delta function; and µ, λ, and α are free

parameters.

3.1.2 Region-Based Level Set Evolution

An early region-based LSE was proposed by Chan and Vese (2001),

known as CV model, in which the region statistic (i.e., intensity mean)
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instead of the image gradient is used as the data term. Its corresponding

level set formula is given as follows:

φt = δε(φ)
[
µdiv

(
∇φ
|∇φ|

)
− ν − λ1(I − cin)2 + λ2(I − cout)2

]
(3.6)

where µ, ν, λ1, and λ2 are free parameters. cin and cout are intensity means

inside and outside ZLC, respectively.

From the perspective of statistics, CV model (3.6) can be viewed as

a special case of the earlier motion equation proposed by Zhu and Yuille

(1996), in which the image intensity is assumed to be Gaussian:

φt = δε(φ)
[
µdiv

(
∇φ
|∇φ|

)
+ (I − cout)2

2σ2
out

− (I − cin)2

2σ2
in

+ log σout
σin

]
(3.7)

where σ2
in and σ2

out are intensity variances inside and outside ZLC, respectively.

log is the natural logarithm. Its application for automatic anthropogenic

object extraction can also be found in (Karantzalos and Argialas, 2009).

Shortly after, Yezzi et al. (2002) also proposed a region-based curve

evolution. For the case of two regions, the gradient flow of the curve evolution

can be written as follows:

Ct = (u− v)(2 ∗ I − u− v) ~N − ακ ~N (3.8)

where C denotes the ZLC; u and v are intensity means of the two regions,

respectively; α is a free parameter; κ = div (∇φ/|∇φ|) is the mean curvature

as before; and ~N is the outward unit normal of the curve C. According to

the Eulerian formulation in (Kimmel, 2004) (pp. 51-54), the gradient flow

(3.8) can be rewritten as:

φt = [(u− v)(2 ∗ I − u− v) + ακ]|∇φ| (3.9)

Based on the example in (Osher and Fedkiw, 2002) (pp. 18-22), I fix ν = 0

and λ1 = λ2 = 1 in CV (3.6), at the same time, I replace δε(φ) by |∇φ|, which
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is feasible as pointed out in (Chan and Vese, 2001). Then CV can be rewritten

as:

φt = [(cin − cout)(2 ∗ I − cin − cout) + µκ]|∇φ| (3.10)

As can be seen clearly, the model (3.8) proposed in (Yezzi et al., 2002) is a

special case of CV (3.6).

More recently, based on GAC in (3.3), Zhang et al. (2010) proposed a

simplified region-based LSE, in which the data term and regularization term

were borrowed from (Osher and Fedkiw, 2002) and (Shi and Karl, 2008),

respectively. The formula is:

φt = ν

 I − cin+cout
2

max
(
|I − cin+cout

2 |
)
 |∇φ| (3.11)

where ν is a constant as in (3.3) and max(·) is the maximum operator. It is

worth mentioning that the traditional regularization term is missing in (3.11).

Instead, a Gaussian filter is introduced into the iterative process of LSE in a

separate step to regularize the evolving ZLCs periodically. Additionally, due

to the fact that (I− cin + I− cout) = 2(I− (cin + cout)/2), it is clear that model

(3.11) is also a special case of CV in (3.6).

3.1.3 Geometric Interpretation of Level Set Evolution

For a better understanding of LSE, a detailed geometric interpretation is

provided as follows.

As shown in Fig. 3.1, η and ξ are the normal and tangent vectors of

the edge at the point p(x, y), respectively, and they can be written as follows

(Carmona and Zhong, 1998):

η = (φx, φy)√
φ2
x + φ2

y

, ξ = (−φy, φx)√
φ2
x + φ2

y

(3.12)
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( , )p x y
Fig. 3.1.: The normal and tangent vectors of the edge at the point p(x, y).

According to (Perona and Malik, 1990), there is

φt = div(∇φ) = ∇2φ = (φxx + φyy) (3.13)

where ∇2 is the Laplacian operator. Due to the rotational invariance property

of the Laplacian operator, (3.13) can be rewritten as follows (You et al.,

1996):

φt = (φηη + φξξ) (3.14)

in which

φξξ =
φ2
xφyy − 2φxφyφxy + φ2

yφxx

φ2
x + φ2

y

=
φ2
xφyy − 2φxφyφxy + φ2

yφxx

(φ2
x + φ2

y)3/2 (φ2
x + φ2

y)1/2

= κ|∇φ| (3.15)

where κ = div(∇φ/|∇φ|) is the mean curvature as mentioned before. It can

be observed that traditional LSE methods such as (3.2), (3.3), (3.4), (3.6),

(3.7), and (3.9) employ the diffusion of (3.14) in the tangent direction, i.e.,

ξ, and they diffuse along, but not across, the edges.
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3.1.4 Level Set Evolution in Remote Sensing

The earlier applications of LSE in the field of remote sensing can be

found in (Ball and Bruce, 2007; Huang et al., 2005; Sun et al., 2006). Among

them, LSE was employed for oil slick extraction from synthetic aperture radar

(SAR) images (Huang et al., 2005), locating the discontinuity in sea surface

temperature and soil moisture (Sun et al., 2006), and hyperspectral image

classification (Ball and Bruce, 2007).

LSE has received increasing attention in the remote sensing community.

In particular, CV model (Chan and Vese, 2001) becomes the most commonly

used region-based LSE for object extraction from remote sensing data, includ-

ing anthropogenic object extraction (Ahmadi et al., 2010; Karantzalos and

Argialas, 2009; Karantzalos and Paragios, 2009; Kim and Shan, 2011; Wu

and An, 2014), shoreline extraction (Shu et al., 2010), change detection (Bazi

et al., 2010; Celik and Ma, 2011), building shadow extraction (Elbakary and

Iftekharuddin, 2013), and tree canopy reconstruction (Tang et al., 2013).

In addition to region-based LSE, edge-based LSE has also gained wide

attention for object extraction in some studies. For example, GAC in (3.3)

was employed to extract highways and vehicles from aerial images (Niu,

2006) and extract lakes and islands from Landsat images (Shen et al., 2006).

More recently, DRLSE (3.4) was utilized for automatic extraction of building

rooftops from color aerial images (Cote and Saeedi, 2013).

3.2 Limitations of State-of-the-Art LSE

Approaches
According to the above detailed survey, it can be concluded that existing

LSE approaches are suffering from the following three limitations:

1. As can be seen in (3.4) and (3.6), there are many parameters that

need to be tuned before they can be used in practice. Although the

recommended values were provided in original studies, it is still difficult
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and labor-intensive for users to seek out the optimal parameters when

they are employed in practical engineering applications. This will be

further justified in my experiments.

2. In traditional LSE, the LSF is commonly initialized as a SDF that needs

to be reinitialized periodically in the iterative process. However, the

computation for maintaining the LSF as a SDF is considerably expensive

(Shi and Karl, 2008). Although in some recent studies the reinitializa-

tion procedure was eliminated completely (Li et al., 2010; Zhang et al.,

2013), other problems arise. For instance, DRLSE in (Li et al., 2010)

has to spend more time on the computation of distance regularization

term. While the reinitialization-free and region-based model in (Zhang

et al., 2013) can extract desired objects, it also extracts other spectral

similarly ones in the same scene.

3. Essentially, the length regularization term, e.g., δε(φ)div(∇φ/|∇φ|), in

traditional LSE is a parabolic term and the time step should be subject

to the Courant-Friedrichs-Lewy stability condition (Gibou and Fedkiw,

2002; Li et al., 2010), that is, it becomes impossible to use a large

time step in the numerical scheme. In addition, it is computationally

expensive (Gibou and Fedkiw, 2002). All these factors result in the

slow convergence of the traditional LSE.

To sum up, the state-of-the-art methods still face challenges and the

foregoing disadvantages might hamper their applications in some cases.

Consequently, it is of great interest to propose new techniques that are more

accurate and efficient, and most importantly, can handle multiple types of

objects. For that purpose, I propose two fast LSE methods in this chapter

for anthropogenic object extraction from optical remote sensing images. My

essential contributions are as follows:

1. For applicability and efficiency, I make further development of tradi-

tional LSEs in three aspects. Specifically, I begin by eliminating the

commonly used curvature-based regularization term from traditional
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LSEs. Instead, I employ a Gaussian kernel to keep the evolving LSEs

smooth in a separate step. As pointed out in (Alvarez et al., 1992;

Perona and Malik, 1990), the convolution of a signal with a Gaussian

kernel is equivalent to the solution of heat diffusion equation with the

signal as the original value. The proof has been provided in Appendix

A. Therefore, it is mathematically feasible to replace the curvature-

based regularization term by a Gaussian kernel. Then, I propose two

fast LSEs: one is an edge-based LSE and the other is a region-based

one. Compared with existing LSEs, they have much fewer parameters,

thereby avoiding the labor intensive parameter tuning. Finally and most

importantly, a larger time step can be used in the numerical scheme

of the proposed LSEs, thus expediting the evolution substantially. All

these improvements make the proposed LSEs more efficient.

2. The proposed LSEs are capable of extracting most anthropogenic objects

from optical remote sensing images by just using the gradient or region

statistics (e.g., intensity mean or variance) of the objects instead of

geometric shapes and spectral information. In this respect, they are

more generic and operational than those methods that can only extract

one specific kind of object.

3. I apply the proposed LSEs to extract multiple types of anthropogenic

objects, such as building roofs, road networks, and airport runways

from a number of high spatial resolution optical images. To verify their

advantages, I compare them with other state-of-the-art LSEs in terms

of accuracy, parameter tuning, and computation time.

3.3 Generalized Form of Level Set Evolution
Based on the above survey of traditional LSE approaches, I can derive

their generalized formula as follows:

φt = Td + Tl + Ta (3.16)
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where Td, Tl, and Ta denote the data term, length regularization term, and

area regularization term, respectively.

Data term Td is used to drive the propagating ZLCs toward the desired

object boundaries. In edge-based LSE, it is generally a function of the

image gradient, e.g., the edge function g(I) in (3.2), whereas in region-

based LSE it is commonly related to the region statistics, for example, the

intensity means cin and cout on each side of ZLC in CV model (3.6). As

for the length regularization terms Tl, e.g., δε(φ)div(∇φ/|∇φ|) in (3.6), it is

generally related to the mean curvature and is used to keep the evolving ZLCs

smooth and regular. However, the area regularization term Ta is effective for

removing small spurious objects (Bertelli et al., 2010), for example, νδε(φ)

in (3.6). Note that δε(φ) can be sometimes replaced by |∇φ| (Chan and Vese,

2001; Zhang et al., 2013).

3.4 Strategies to Improve Traditional Level Set

Evolutions
As discussed before, traditional LSE methods can be further improved

both in terms of parameter tuning and computational efficiency. To this end,

in this section I attempt to improve the traditional LSE methods according

to the following three aspects, i.e., the LSF, the regularization term, and the

time step.

3.4.1 Level Set Function

For computational efficiency, the following binary function (BF) (Gibou

and Fedkiw, 2002; Li et al., 2010) is employed as the LSF instead of the

traditional SDF:

φ(X, t = 0) =


1, if X ∈ R

−1, otherwise
(3.17)
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Fig. 3.2.: Diagram of the LSF. (a) In image I, the purple pixels compose the object
region and the rest of the image is the background. The green line
with black border is the initial ZLC. (b) The matrix with values -1 and 1
represents the initial LSF. The red zeros represent the zero-level-set and
the red arrows indicate the directions of the evolution.

where φ(X, t = 0) is the initial LSF. X denotes the coordinate of the pixel.

R is a region in the image domain. As presented in Fig. 3.2(a), each small

rectangle corresponds to a pixel in image I. The purple rectangles represent

the object region and the rest of the image is the background. The green line

with black border denotes the initial ZLC. The matrix with values -1 and 1

is the initial LSF in (3.17), as shown in Fig. 3.2(b). The red zeros represent

the zero-level-set and the red arrows indicate the evolution directions of ZLC.

For more details of SDF, readers may refer to (Osher and Fedkiw, 2002) (pp.

18-22).

3.4.2 Regularization Term

As stated earlier, there are generally two kinds of regularization terms

(i.e., length and area regularization terms in (3.16)) in traditional LSE

methods in (3.3), (3.4), and (3.6). The former keeps ZLCs smooth, whereas

the latter is utilized to filter out the small spurious patches. However, they

usually cause expensive computation in practical applications (Shi and Karl,

2008). Moreover, the involved free parameters often need laborious tuning.

In fact, the length of ZLC is comparable with the area formed by itself (Chan

and Vese, 2001). Therefore, in traditional LSEs only the length regularization
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term is employed, regardless of the area one. To improve the computational

efficiency of LSE, I replace traditional regularization terms by a Gaussian

kernel as in (Shi and Karl, 2008). It is not only able to smooth the moving

ZLCs, but also capable of filtering out those small spurious patches. I can

therefore eliminate the computationally costly regularization terms from

traditional LSE methods. Mathematically, it is viable to replace the traditional

regularization term by a Gaussian kernel (Alvarez et al., 1992; Perona and

Malik, 1990) (see Appendix A).

3.4.3 Time Step

Due to the elimination of traditional length regularization term, I can

employ a larger time step in the numerical scheme for the proposed LSE

methods, thereby expediting their evolutions substantially.

Based on the above three improvements of traditional LSE methods, I

can readily derive my fast level set formulations in the following, including

the proposed edge- and region-based LSE approaches.

3.5 Proposed Level Set Evolutions

In this section, I propose two fast level set formulations. In the following,

I will describe the derivation of the two LSEs in detail and give an overview

of their implementation.

3.5.1 Proposed Edge-Based Level Set Evolution

The proposed edge-based LSE in this chapter is established based on

the classical ones in (3.2) and (3.3). Since the role of the traditional reg-

ularization term can be replaced by a Gaussian kernel, I can remove the

term div(∇φ/|∇φ|) from the edge-based LSE (3.2). Furthermore, since the

constant ν in (3.2) and (3.3) is mainly used for speeding up the evolution of

26 Chapter 3 Proposed Level Set Evolution

Methods



the ZLCs, it is often set to be zero for less parameter tuning (Caselles et al.,

1997). In this way, I can obtain a new edge-base LSE as follows:


φt = g(I)|∇φ|

g(I) = 1
1+|∇Gσ∗I|2

(3.18)

where only two key free parameters need to be tuned before it is employed

in practice, namely the time step ∆t and the standard deviation σ of the

Gaussian kernel that is used to smooth the original image. Hereafter, the

notation ETd is employed to represent the edge-based data term g(I) in

(3.18). In comparison to GAC (3.3), the gradient term ∇φ · ∇g(I) is not

included in my LSE (3.18). As mentioned earlier, this gradient term is

primarily developed for driving ZLCs to those boundaries along which there

are gradient variations. However, the anthropogenic objects in high spatial

resolution remote sensing images often have clear boundaries, along which

the gradient variations are rare. As a result, it is feasible to exclude this term

from my LSE (3.18). It should be noted, however, that the model (3.18)

cannot be derived from DRLSE in (3.4) directly since (3.4) does not need the

traditional reinitialization step of LSF during its evolution.

3.5.2 Proposed Region-Based Level Set Evolution

Similarly, I can derive a novel region-based LSE from CV (Chan and

Vese, 2001) by removing the regularization term in (3.6) and setting free

parameters µ = ν = 0. Note that here I use the notation presented in (Chan

et al., 2000) since it is more intuitive than that in (3.6) to some extent,

namely

φt = [−λ+(I − c+)2 + λ−(I − c−)2]|δε(φ)| (3.19)

where c+ and c− are intensity averages on φ ≥ 0 and φ < 0, respectively.

λ+ and λ− are corresponding coefficients. For less parameter tuning, I set

λ+ = λ− = 1 similar to that in (Chan and Vese, 2001; Osher and Fedkiw,
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2002). In addition, I replace δε(φ) by |∇φ| since it is computationally more

efficient. Therefore, the model (3.19) can be rewritten as:

φt = (c+ − c−)(2I − c+ − c−)|∇φ| (3.20)

To obtain more stable numerical results, I normalize the data term (c+ −

c−)(2I − c+ − c−) as in (Zhang et al., 2010) and thus (3.20) can be further

written as:

φt =
[

(c+ − c−)(2I − c+ − c−)
max (|(c+ − c−)(2I − c+ − c−)|)

]
|∇φ| (3.21)

Finally, I obtain a new region-based LSE, in which only one parameter (i.e.,

time step ∆t) need to be given in advance. Most importantly, a large time

step can be used in the numerical scheme, thus expediting the convergence

of (3.21) considerably. Hereafter, I employ the notation RTd to represent the

region-based data term ((c+−c−)(2I−c+−c−))/(max(|(c+−c−)(2I−c+−c−)|))

in (3.21). In the next section, I will describe the implementation of the two

types of LSE methods in detail.

3.5.3 Implementation of the Proposed Level Set

Evolution

As presented in Algorithm 1, the implementation of the proposed LSE

mainly consists of six steps.

Step 1: The LSF φ in proposed LSE methods is initialized as BF in (3.17),

which is not only easy to use, but computationally efficient. More precisely,

the initialization of LSF includes two steps: 1) finding the appropriate posi-

tions for the initial ZLCs, and 2) determining the signs of the LSF on each

side of ZLCs (see Fig. 3.2).

Step 2: Once the initial LSF is determined, ZLCs can be evolved by using

the proposed LSE in (3.18) or (3.21). In this step, I first compute the data
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Algorithm 1 Pseudo-code of the proposed LSE methods.
Input:

Image I;
Scale parameters σ1 and σ2 for the edge-based LSE (3.18) or;
Scale parameter σ for the region-based LSE (3.21);
Initial ZLC;
Time step ∆t;

Output:
Binary result of the desired object;

1: Initialize the LSF φ as (3.17), including its position and signs on each
side of ZLCs;

2: Compute data terms ETd in (3.18) or RTd in (3.21) and |∇φ|, and update
the LSF φ by iteration: φn+1

i,j = φni,j + ∆tR(φni,j);
3: Reinitialize the updated LSF φ if necessary, i.e., φ = 1, if φ > 0; otherwise,
φ = −1;

4: Regularize the updated LSF φ using a Gaussian kernel, i.e., φ = Gσ ∗ φ;
5: If it has not yet converged, goto 2;
6: Return the final LSF φ;

term, i.e., ETd or RTd and |∇φ|. Then, I update the LSF using the following

finite difference scheme (Chan and Vese, 2001; Li et al., 2010):

φn+1
i,j = φni,j + ∆tR(φni,j) (3.22)

where (i, j) is the spatial position; n is the iteration number; ∆t is the time

step; and R(·) denotes the right hand side of the proposed LSE formulations

in (3.18) and (3.21). It is particularly worth mentioning that the computation

of the data term in the proposed edge-based LSE in (3.18) requires original

images to be convolved with a Gaussian kernel, which is unnecessary for the

proposed region-based LSE in (3.21).

Step 3: For the proposed region-based LSE (3.21), this step is optional

in some practical applications like in (Chan and Vese, 2001). When only a

small number of objects need to be extracted from a complex scene, in which

there are many undesired objects that generally have similar intensities to the

desired ones, I need to reinitialize the LSF periodically to ensure that |∇φ| 6= 0

around ZLCs while |∇φ| = 0 elsewhere (see Fig. 3.2). In this way, the LSE is

only effective around the desired objects, thereby avoiding extracting other
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undesired objects. Specifically, φ is reinitialized as BF in (3.17), i.e., let φ = 1,

if φ > 0; otherwise, let φ = −1. Sometimes, when multiple objects need to

be extracted simultaneously I do not need to reinitialize the LSF. In this case,

there is |∇φ| 6= 0 across the entire image gradually, thus making the LSE

effective for every pixel. It is worth mentioning however that this situation

just holds for images with fewer noises. To ensure that the favorable results

can be obtained in my experiments, I reinitialize the LSF periodically since

the desired objects are generally surrounded by heavy noises in complex

scenes. For the proposed edge-based LSE (3.18), on the other hand, the LSF

should be reinitialized periodically; otherwise, it will become nonnegative

according to (3.22) and further the ZLC will vanish since the data term g(I)

is always greater than or equal to 1.

Step 4: Since the typically used mean curvature-based regularization

term is eliminated from the proposed LSE methods, I employ a Gaussian

kernel instead to maintain the moving ZLC smooth and regular. That is, I

convolve the updated LSF periodically with a Gaussian kernel. Certainly,

the scale parameter σ of the Gaussian kernel can be tuned accordingly for

different applications that will be discussed in the experiments. Traditionally,

in order to remove those small undesired patches from final results, morpho-

logical operations are often introduced into this step, as was done in (Cote

and Saeedi, 2013). However, they are unnecessary for the proposed LSE,

since the Gaussian kernel is able to keep ZLC smooth while filtering out those

small undesired objects.

Step 5: Determine whether the convergence is reached; otherwise, go

back to Step 2. In fact, once ZLC stops at the object boundary, the LSF will

not be updated any more. Therefore, the iteration can be terminated if the

LSF stop varying.

Step 6: Output the final LSF that is essentially a binary version of the

extracted objects. Finally, it is worth noting that there are two Gaussian

kernels used to implement the proposed edge-based LSE (3.18). One is used

for the denoising procedure in Step 2 in Algorithm 1 to smooth the original
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image so that more appropriate data term g(I) can be obtained. The other

is employed in Step 4 to ensure the smoothness of the updated LSF. Thus,

the two Gaussian kernels play different roles. The proposed region-based

LSE (3.21), by contrast, does not need the denoising. However, it requires a

Gaussian kernel in Step 4 to keep the evolving LSF regular. Hereafter, I refer

to the scale parameters of the two Gaussian kernels used in (3.18) as σ1 and

σ2, respectively, whereas the scale parameter used in (3.21) as σ.

3.5.4 Comparison Between the Proposed LSE Methods

In this chapter, two LSE methods are presented: one is the edge-based

LSE (3.18) and the other is the region-based LSE (3.21). In this section, I

apply them to extract objects from synthetic images and compare them with

each other in the following three aspects.

1) Sensitivity to the Initial Position of Zero Level Curve: It is evident

that the edge-based data term ETd in (3.18) is always positive in the image

domain (except for the boundaries where it is approximately zero), whereas

the region-based data term RTd in (3.21) can be positive or negative on both

sides of ZLCs. This property has a direct effect on the propagation direction

of ZLCs. As shown in Fig. 3.3, it makes the edge-based LSE (3.18) sensitive

to the initial position of ZLCs.

In this example, I fix the LSF φ to be negative inside ZLC and positive

outside. I first put the initial ZLC outside the object boundary, as shown in

the left panel of Fig. 3.3(a). Finally, both the edge- and region-based LSE

methods extract the desired object accurately, as presented in the middle

and right panels of Fig. 3.3(a), respectively. However, when the initial ZLC

is put at other positions such as the case demonstrated in the left panel of

Fig. 3.3(b), that is, the initial ZLC intersects the object boundary, which is

common in practice, the edge-based LSE finally fails to detect the desired

object. This is because the data term g(I) is always positive in both object and

background areas, and thus, ZLC evolves inward simultaneously, as indicated

by the red arrows in the left panel of Fig. 3.3(b). Finally, ZLC shrinks and
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Fig. 3.3.: Results of the proposed LSE methods with different initial positions of
ZLC, where LSF φ is set negative inside ZLC and positive outside. (a)
Results of the proposed LSEs (3.18) and (3.21) with initial ZLC outside
the object boundary. Left panel: the initial ZLC. Middle and Right panels:
results of the proposed edge- and region-based LSE methods. (b) and
(c) Results of the edge- and region-based LSE methods with initial ZLC
crossing the object boundary. Left panel: the initial ZLC with evolution
directions. Middle and Right panels: intermediate and final results of the
proposed LSE methods.

vanishes. The intermediate iteration and final result are shown in the middle

and right panels of Fig. 3.3(b).

With the same initialization of ZLC, the region-based LSE, by contrast,

has better performance since its data term has opposite signs on each side of

ZLC (see Fig. 3.4 for details). As indicated by the red arrows in the left panel

of Fig. 3.3(c), the evolution directions of ZLC are opposite and it is finally

attracted to desired boundaries accurately, see the middle and right panels of

Fig. 3.3(c), respectively.
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Fig. 3.4.: Results of the proposed edge- and region-based LSE methods with differ-
ent signs of LSF φ on each side of ZLC. IO denotes the object intensity,
whereas IB is the background intensity. ETd and RTd are the data terms
of the edge- and region-based LSE methods. The green line with the black
border represents ZLC. The red arrows indicate the evolution directions.
(a) and (b) Results of the edge-based LSE (3.18) with LSF negative inside
and outside ZLC and the other way around, respectively. (c) and (d) Re-
sults of the region-based LSE (3.21) with LSF negative inside and outside
ZLC and the other way around, respectively.
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This example indicates that the initial ZLC for the proposed edge-based

LSE (3.18) should be strictly put at either the object region or the background

area. By contrast, the initial position of ZLC for the proposed region-based

LSE (3.21) is more flexible and, theoretically, it can be put at anywhere in

the image (Chan and Vese, 2001).

2) Sensitivity to the Sign of LSF: In addition to the sign of the data term,

the sign of LSF is also a key determinant of LSE. I found that the proposed

edge-based LSE (3.18) is sensitive to the sign of LSF, that is, the sign of LSF

on each side of ZLC should be strictly set before it begins to evolve, which is

time-consuming and unfavorable in practical applications.

For better understanding, I present an example in Fig. 3.4. Here, I use

the same image I as in Fig. 3.3. Both the object and background areas are

assumed to be homogeneous and their intensities are subject to the constraint:

IO < IB, where IO and IB are object and background intensity, as can be seen

in Fig. 3.4. Without loss of generality, I put the initial ZLC at the background

region. For the data term ETd in (3.18), there is always ETd > 0 in both

the object and background regions while ETd ≈ 0 on the object boundaries.

To push ZLC toward object boundaries, I should set LSF φ negative inside

it and positive outside, as shown in Fig. 3.4(a). In this case, the negative

LSF φ will become positive according to the iteration process (3.22). That

means ZLC moves inward, as indicated by the red arrows. When it arrives

at object boundaries, LSF φ will not vary again because ETd ≈ 0. Conversely,

if LSF φ is set negative outside it and positive inside (Fig. 3.4(b)), it will

expand outward and finally fails to extract the desired object. Therefore, the

proposed edge-based LSE (3.18) is sensitive to the signs of LSF.

By contrast, the proposed region-based LSE (3.21) is robust to the signs

of LSF. As demonstrated in Fig. 3.4(c) and (d), no matter what kind of LSF

is used (i.e., negative inside or outside ZLC), it always extracts the desired

object. As presented in Fig. 3.4(c), when the LSF is negative inside ZLC

and positive outside, in the object region, there is (c+ − c−) > 0, (I − c+) <

0, (I − c−) < 0, and (2I − c+ − c−) < 0, and thus, the data term RTd < 0;

34 Chapter 3 Proposed Level Set Evolution

Methods



   
  (a)
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  (c)

Fig. 3.5.: Object extraction from the noisy image using the proposed LSE methods.
(a) Original image with Gaussian white noise of zero mean and standard
deviation σ = 0.2. The green line with black border is the initial ZLC. (b)
Result of the proposed edge-based LSE (3.18). (c) Result of the proposed
region-based LSE (3.21).

in the background area, there is (c+ − c−) > 0, (I − c+) = 0, (I − c−) > 0,

and (2I − c+ − c−) > 0, and finally the data term RTd > 0. Since the initial

position of ZLC is within the background region, the negative LSF φ will

become positive based on the iteration equation (3.22). That is, ZLC moves

inward. Similarly, when the LSF is positive inside and negative outside ZLC,

as shown in Fig. 3.4(d), the region-based LSE (3.21) can also extract the

desired object satisfactorily.

3) Sensitivity to Noise: As stated earlier, two Gaussian kernels are

used in the implementation of the proposed edge-based LSE. One is used to

smooth the original image (i.e., eliminating those small spurious artifacts),

whereas the other is employed to keep the LSF regular. In comparison, the

region-based LSE is much more robust to image noise and it therefore does

not need the denoising procedure.

As presented in Fig. 3.5(a), I add a Gaussian white noise of zero mean

and standard deviation σ = 0.2 to the original image used in Fig. 3.3. As

shown in Fig. 3.5(b), the edge-based LSE (3.18) is sensitive to the image

noise. Due to the noise, the data term g(I) becomes pointless. Checking Fig.

3.5(c), despite the image noise, the proposed region-based LSE extracts the

desired object accurately.
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Based on the above analysis, it is clear that the region-based LSE (3.21)

is more robust than the edge-based LSE (3.18) in terms of the initialization of

ZLC, the sign of LSF, and the image noise on synthetic images. However, that

does not follow that the region-based LSE (3.21) will definitely perform better

than the edge-based LSE (3.18) in all real cases. In the following experiments

of anthropogenic object extraction from real remote sensing images, the

strengths and weaknesses of the two LSEs will be further investigated.

3.5.5 Comparison with Other State-of-the-Art

Approaches

In this section, to demonstrate the advantages of the proposed two LSE

methods, I compare them with other state-of-the-art approaches in several

aspects. First, I compare the proposed edge-based LSE (3.18) with the

popular DRLSE in (3.4) since they both belong to the edge-based LSE. Then I

discuss the similarity and distinction between the proposed region-based LSE

(3.21) and the model (3.11) proposed in (Zhang et al., 2010).

Compared with DRLSE, the main advantage of the proposed edge-based

LSE (3.18) is threefold. First, it is computationally more efficient since a

simpler LSF (i.e., BF (3.17)) is employed in the numerical scheme. Second,

due to the substitution of a Gaussian kernel for the traditional regularization

terms, a larger time step can be used for (3.18) in the numerical scheme, thus

making its convergence faster (see Fig. 3.14 (d)). In addition, the edge-based

LSE (3.18) is more operational than DRLSE in practical applications since it

needs much less parameter tuning, as presented in Fig. 3.7.

The similarity between the LSE methods (3.11) and (3.21) is twofold.

First, both the data terms in the two LSE methods are closely related to

that in the CV model (Chan and Vese, 2001), and thus, they generally have

similar accuracy for object extraction, as shown in Fig. 3.14(a)-(c). Second,

to avoid numerical instability, they both normalize the original data term in

their formulations.
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Fig. 3.6.: Results of the region-based LSE (3.11) proposed in (Zhang et al., 2010)
with different signs of LSF φ on each side of ZLC. IO denotes the object
intensity, whereas IB is the background intensity. RTd is the data term
in (3.11). The green line with the black border represents ZLC. The red
arrows indicate the evolution directions. (a) and (b) Results of the region-
based LSE (3.11) with LSF negative inside and outside ZLC, respectively.

However, it is particularly worth mentioning that there are two essential

distinctions between the LSE methods (3.11) and (3.21). First, the data

term in the proposed LSE (3.21) has one more term than that in (3.11), i.e.,

(c+ − c−), which makes (3.21) more robust to the signs of LSF, as presented

in Fig. 3.4(c) and (d). By contrast, the model (3.11) is sensitive to the signs

of LSF, as shown in Fig. 3.6. Similar to the examples in Fig. 3.4(c) and

(d), the initial ZLC is put at the background region. In this case, according

to the data term in (3.11), there is (I − cin) < 0, (I − cout) < 0, and further

(2I − cin − cout) < 0 in the object region, whereas in the background region,

there is (I − cin) > 0, (I − cout) = 0, and finally (2I − cin − cout) > 0. To drive

ZLC toward the desired object boundary, I should strictly set the LSF negative

inside and positive outside ZLC, respectively, as presented in Fig. 3.6(a).

Otherwise, it would fail to extract the desired object, as shown in Fig. 3.6(b).

Therefore, the model (3.11) proposed in (Zhang et al., 2010) is sensitive to

the signs of LSF.
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The second distinction between LSE methods (3.11) and (3.21) is that

they are built on different foundations. My LSE (3.21) is derived from the

region-based CV (Chan and Vese, 2001) and (Chan et al., 2000) directly,

whereas the model (3.11) stems from the edge-based GAC (Caselles et al.,

1997) and thus there is one more free parameter (i.e., ν) in it.

For a further demonstration of the advantages of the proposed LSE meth-

ods (3.18) and (3.21), in the next section I compare them with other state-of-

the-art LSE approaches in extracting multiple types of anthropogenic objects

from different remote sensing images qualitatively and quantitatively.

3.6 Experimental Results

3.6.1 Dataset Description and Experiment Setup

In this chapter, five images obtained from Google Maps are used for the

test. According to their order of appearance in the following, they are named

building_1, building_2, airport_1, airport_2, and road, respectively. Both

building_1 and building_2 are situated in Hilo, Hawaii, USA, whereas the

road is located at Germantown, Milwaukee, USA. As for the airport data, they

are the George Bush International Airport and Hartsfield Jackson Atlanta

International Airport, USA, respectively. They all contain three bands (i.e., R,

G, and B). The spatial resolution and size of each image are given in Table

3.1. Experiments are run under MATLAB R2013a 64 b on Window 7 OS with

a Pro of Intel(R) Core(TM) i7-3770 CPU @ 3.40GHz, 16GB RAM. For public

test and comparison, I make my MATLAB code publicly available at http:

//www.lsgi.polyu.edu.hk/academic_staff/John.Shi/index.htm.

To validate the advantages of the proposed LSE methods, I compare

them with other two state-of-the-art LSE approaches, i.e., DRLSE (Li et al.,

2010) and CV (Chan and Vese, 2001) qualitatively and quantitatively. For

qualitative evaluation, I apply them to extract three types of anthropogenic

objects, i.e., building roofs, road networks, and airport runways from the test
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Table 3.1.: Dataset description
Image SR (meter) Size (pixel × pixel) Location

Building_1 0.3 431 × 507 Hilo, Hawaii, USA
Building_2 0.25 553 × 461 Hilo, Hawaii, USA
Airport_1 2.0 1792 × 1536 Houston, Texas, USA
Airport_2 1.0 2246 × 2234 Atlanta, GA, USA

Road 0.7 731 × 1507 Germantown, WI, USA

Note: SR denotes spatial resolution.

Experiments Proposed LSE (3.6) Proposed LSE (3.3) DRLSE CV 

Building_1 
in Fig. 3.7 

∆ 15, 1, and 
TS 9×9 in (b) 
∆ 15, 2, and 
TS 9×9 in (c) 
∆ 15, 3, and 
TS 9×9 in (d) 

∆ 15, 1, 1.5, 
and TS 9×9 in (e) 
∆ 15, 3, 1.5, 
and TS 9×9 in (f) 
∆ 15, 5, 1.5, 
and TS 9×9 in (g) 

∆ 5, 5, 0.04, 
3, 2, 1, and TS 15×15 in (h) 

∆ 5, 5, 0.04, 
3, 2, 2, and TS 15×15 in (i) 

∆ 5, 5, 0.04, 
3, 2, 3, and TS 15×15 in (j) 

∆ 0.8, 1, 0, and 0.1 in (k) 
∆ 0.8, 1, 0, and 0.3 in (l) 
∆ 0.8, 1, 0, and 0.5 in (m) 

Building_2 
in Fig. 3.8 

∆ 15, 4, and 
TS 9×9 in (b)-(d) 

∆ 18, 3, 1.5, 
and TS 9×9 in (e)-(g) 

∆ 5, 5, 0.04, 2, 
5, 2, and TS 13×13 in (h) 
∆ 5, 5, 0.04, 2, 
4, 2.5, and TS 13×13 in (i) 
∆ 5, 5, 0.04, 2, 
4, 3, and TS 13×13 in (j) 

∆ 0.8, 1, 0, and 0.1 in (k) 
∆ 0.8, 1, 0, and 0.3 in (l) 
∆ 0.8, 1, 0, and 0.5 in (m) 

Airport_1 
in Fig. 3.9 

∆ 18, 2, and 
TS 15×15 in (b) 

∆ 16, 1, 1, 
and TS 9×9 in (c) 

∆ 5, 5, 0.04, 2, 
1.5, 3.5, and TS 7×7 in (d) 

∆ 1.0, 1, 0, and 0.2 in (e) 

Airport_2 
in Fig. 3.10

∆ 18, 3, and 
TS 9×9 in (b) 

∆ 18, 1, 1, 
and TS 9×9 in (c) 

∆ 5, 5, 0.04, 2, 
2, 3, and TS 9×9 in (d) 

∆ 1.0, 1, 0, and 0.2 in (e) 

Road  
in Fig. 3.11

∆ 18, 3, and 
TS 9×9 in (b) 

∆ 18, 1.7, 
1, and TS 9×9 in (c) 

∆ 5, 5, 0.04, 2, 
1.5, 3.8, and TS 7×7 in (d) 

∆ 1.0, 1, 0, and 0.2 in (e) 

 
Fig. 3.7.: Free parameters used for each LSE and important parameters are high-

lighted.

images. The aim is to demonstrate the abilities of the proposed LSE methods

in the following four aspects:

1. automatic topology changes of ZLC, namely, the splitting and merging;

2. dealing with isolated and extraneous small objects;

3. handling the occlusions or discontinuities caused by nearby objects;

4. detecting desired objects with various complicated geometric shapes

from complex scenes.

For fair comparison, in each experiment I initialize ZLCs for each LSE

at the same positions and choose the best performance for each method

via trial-and-error test. The free parameters used for them are given in Fig.

3.7.

For quantitative evaluation, I employ three commonly used indices, i.e.,

Completeness = Pm/Pg, Correctness = Pm/Pe, and Quality = Pm/((Pe +
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Pum)), in which Pm denotes the total pixels of the extracted object that are

matched with the ground truth data, Pg is the total pixels of the ground truth

data, Pe is the total pixels of the extracted object, and Pum is the total pixels of

the ground truth data that are unmatched with the extracted object. Ground

truths are acquired by digitizing the original images manually. Additionally,

the CPU time, another critical metric, is recorded for each method and used

for the evaluation of their computational efficiency.

3.6.2 Qualitative Evaluation

Experiment 1: Building Roof Extraction

In this section, I first take advantage of the splitting of ZLCs in LSE

methods to extract multiple objects simultaneously. Then, I employ their

merging to extract a single building roof. The advantages of the merging of

ZLCs will be further verified in the following experiments of airport runway

extraction and road network extraction.

Fig. 3.8 presents the results of LSE methods (3.21), (3.18), DRLSE,

and CV for simultaneous extraction of multiple building roofs by splitting

the initial ZLC. In this experiment, region-based LSE methods, i.e., the

proposed (3.21) and CV clearly outperform edge-based methods, i.e., the

proposed (3.18) and DRLSE. More specifically, the performance of LSE (3.21)

is comparable to that of CV, whereas LSE (3.18) excels DRLSE clearly.

The original image (i.e., building_1) with the initial ZLC and the corre-

sponding ground truth are shown in the left and right panels of Fig. 3.8(a),

respectively. Note that the white small object indicated by the red arrow is

a building roof, whereas the one indicated by the yellow arrow is a truck.

In each pair of Fig. 3.8(b)-(m), the left panel demonstrates the final ZLCs

and the corresponding binary results are shown on the right. Specifically, Fig.

3.8(b)-(d) presents the results of LSE (3.21) with different scale parameters,

i.e., σ=1, 2, and 3, for the Gaussian kernel, respectively. As shown clearly,

the initial ZLC is automatically split into independent parts and each part
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 Fig. 3.8.: Results of LSE methods (3.21), (3.18), DRLSE, and CV for building roof

extraction. (a) Left panel: the original image (i.e., building_1) with
the initial ZLC. Right panel: the ground truth. The white small object
indicated by the red arrow is a building roof, whereas the one indicated
by the yellow arrow is a truck. (b)-(d) Left panel in each pair: final ZLCs
of LSE (3.21) with the scale parameter σ=1, 2, and 3, respectively. Right
panel in each pair: corresponding binary results. (e)-(g) Results of the
proposed edge-based LSE (3.18) with the scale parameter σ=1, 3, and
5, respectively. (h)-(j) Results of DRLSE with α=1, 2, and 3, respectively.
(k)-(m) Results of CV with µ=0.1, 0.3, and 0.5, respectively. See Fig. 3.7
for detailed parameter tuning.

corresponds to a single building roof; however, other undesired small objects

are also extracted. From left to right panels in Fig. 3.8(b)-(d), with the in-

crease of the scale parameter σ, those smaller extraneous objects are removed

effectively and only the desired objects are extracted finally. Thus, a relatively
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larger value of σ is often advised in practical applications to ensure better

anti-noise performance. Despite that, the truck is still erroneously recognized

as a building roof, as indicated by the yellow arrow in the left panel of Fig.

3.8(a). This is due to the fact that they have similar spectral characteristic.

In this case, to obtain favorable results, further post-processing is needed. In

addition, the scale parameter σ cannot be too large, otherwise LSE (3.21)

may fail to extract the small building roofs such as the one indicated by the

red arrow in the left panel of Fig. 3.8(a).

The results of the proposed edge-based LSE (3.18) are shown in Fig.

3.8(e)-(g). From left to right panels, the original image is convolved by a

Gaussian kernel with the scale parameters σ1=1, 3, and 5, respectively. With

the increase of the scale parameter, the original image becomes smoother,

suggesting that the results are more accurate. Nevertheless, two separated

building roofs are extracted as a single one due to the failure of the splitting

of ZLC, as presented in Fig. 3.8(g). In addition, the small truck is also

wrongly recognized as a building roof.

Fig. 3.8(h)-(j) presents the results of DRLSE with α=1, 2, and 3, respec-

tively. It is clear that with the increase of the parameter α, more accurate

boundaries can be extracted. However, a larger value of α may lead to

boundary leakage. As shown in Fig. 3.8(j), two darker building roofs are

finally missing. In comparison, a relatively small value of α can guarantee

the extraction of all objects, as shown in Fig. 3.8(i). However, it also extracts

other objects.

Finally, the results of CV with µ=0.1, 0.3, and 0.5 are presented in Fig.

3.8(k)-(m), respectively. As we can see, the smaller extraneous objects are

filtered out with the increase of the parameter µ. The optimal result is given

in Fig. 3.8(m).

Fig. 3.9 presents the results of all the LSE methods for a single building

roof extraction. The goal of this experiment is to verify that LSE methods

can merge separate ZLCs automatically during their evolutions. Experiments

show that the proposed LSE methods(3.18) and (3.21) are able to extract
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the desired single building roof with discontinuities, whereas DRLSE and CV

fail.

The original image (i.e., building_2) and the ground truth are shown in

the left and right panels of Fig. 3.9(a), respectively. As can be seen, there are

intensity variations on the building roof, which leads to discontinuities and

thus poses a great challenge for traditional LSEs. Unlike in Fig. 3.8, the initial

ZLCs are put at the object region. The intermediate processes of LSE (3.21)

at iterations 15, 18, and 82 are presented on the left panel of Fig. 3.9(b)-(d),

respectively. The corresponding binary results are given on the right panel. I

found that the two separate ZLCs begin to merge with each other at iteration

15, as shown in Fig. 3.9(b). Thereafter, a new ZLC is generated at iteration

18 and it continues evolving in the following iterations until it converges.

Although two ZLCs are initialized in the beginning, there is always only one

LSF (i.e., the matrix with values 1 and -1 in Fig. 3.2) changes from iteration

to iteration. In this experiment it was found that the proposed LSE (3.21)

cannot only filter out those small foreign objects present on the building

roof automatically, but also handle the discontinuities effectively. The only

disadvantage of LSE (3.21) is that it also extracts some nearby undesired

objects.

The results of the edge-based LSE (3.18) are illustrated in Fig. 3.9(e)-(g).

The ZLCs and the corresponding binary results at iterations 18, 24, and 148

are presented from left to right panels, respectively. It can be observed that

the merging of ZLCs commences at the 18th iteration. After that, a new ZLC

emerges and it goes on to evolve until it stops at the desired boundary. Similar

to (3.21), it also filters out those small extraneous objects automatically while

passing through the discontinuities successfully. Due to the convolution of

the original image with a Gaussian kernel, the edges extracted by the edge-

based LSE (3.18) are smoother than those extracted by the region-based LSE

(3.21).

The results of DRLSE for the single building roof extraction are shown

in Fig. 3.9(h)-(j). Different from the previous experiments, here the results
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 Fig. 3.9.: Illustration of the merging of ZLCs of the LSE methods (3.21), (3.18),

DRLSE, and CV for single building roof extraction. (a) Left panel: the
original image (i.e., building_2) with two initial ZLCs. Right panel: the
ground truth. (b)-(d) Left panel in each pair: ZLCs of LSE (3.21) at
iterations 15, 18, and 82, respectively. Right panel in each pair: corre-
sponding binary results. (e)-(g) The ZLCs and binary results of LSE (3.18)
at iterations 18, 24, and 148, respectively. (h)-(j) Results of DRLSE with
different parameters used. α = 2 and σ = 5 in (h), α = 2.5 and σ = 4 in
(i), and α = 3 and σ = 4 in (j). (k)-(m) Results of CV with µ=0.1, 0.3,
and 0.5, respectively.

for specific iterations of the merging of ZLCs are not provided. Instead, I just

illustrate the results of DRLSE for different parameters used (see Fig. 3.7).

As presented in the results, although the original image in DRLSE is also

convolved with a Gaussian kernel as in LSE (3.18), ZLC cannot pass through

the discontinuities and thus it fails to extract the whole object. Using larger

values of σ and α, it is sometimes able to extract more objects, as shown in

Fig. 3.9(i). However, that generally also causes serious edge leakages, see

Fig. 3.9(j). To obtain the accurate object in some practical applications, I

therefore suggest using relatively small values of σ and α.
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The final results of CV with µ=0.1, 0.3, and 0.5 are shown in Fig. 3.9(k)-

(m), respectively. In this experiment, the small spurious objects can be filtered

out automatically by using a larger value of µ. However, no matter which

value of µ I use, CV cannot deal with the discontinuities and finally fails to

extract the complete object. Actually, the discontinuities divide the seemingly

complete building roof into several separate parts. In addition to that, no

smoothing filter is used to convolve the original image for CV. All these

factors cause the failure of CV.

Experiment 2: Airport Runway Extraction

This section aims to confirm the capabilities of the proposed LSE methods

(3.18) and (3.21) in extracting desired objects with various geometric shapes

from complicated backgrounds, and handling occlusions or discontinuities

caused by the intensity variations.

Fig. 3.10 shows the results of all the LSE methods for runway extraction

from airport_1. The original image with initial ZLCs and the ground truth

are shown in the left and right panels of Fig. 3.10(a), respectively. The

runways in airport_1 are elongated features due to the relatively lower

spatial resolution (see 3.1), which often causes blurred edges and thus poses

a great challenge for edge-based LSE methods. It should be noted that ZLCs

generally cannot pass through occlusions or discontinuities automatically.

To obtain more complete and accurate airport runways, I set seven initial

ZLCs manually at different positions in this experiment. The final ZLCs and

corresponding binary results of LSE methods (3.21), (3.18), DRLSE, and CV

are displayed in Fig. 3.10(b)-(e), respectively. The parameters used for each

LSE are given in Fig. 3.7.

In general, in this experiment the performance of the region-based LSE

methods (i.e., the proposed (3.21) and CV) evidently surpass that of the

edge-based ones (i.e., the proposed (3.18) and DRLSE). Despite some over-

detection, region-based LSE methods are able to extract the entire runways,

as shown in Fig. 3.10(b) and (e), respectively. Edge-based approaches, in
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(a) 

(b) (c) 

(d) (e) 
 Fig. 3.10.: Results of all the LSE methods for runway extraction from airport_1. (a)

Left panel: the original image. Right panel: the ground truth. (b)-(e)
Left panel in each pair: final ZLCs of LSE methods (3.21), (3.18), DRLSE,
and CV, respectively. Right panel in each pair: corresponding binary
results.

contrast, just extract small part of the runways, as presented in Fig. 3.10(c)

and (d), respectively. In addition, the ZLC of DRLSE passes through object

boundaries and finally stops at the wrong boundaries. In this respect, the

proposed edge-based LSE (3.18) has relatively better performance since no

obvious boundary leakage happens, see Fig. 3.10(c).

The results of all the LSE methods for runway extraction from airport_2

are presented in Fig. 3.11. The spatial resolution of airport_2 is higher than

that of airport_1 (see Fig. 3.7). Thus, most runways in airport_2 appear

wide and homogeneous. However, there are still some discontinuities on the

runways due to the intensity variations. In this experiment I initialize six

ZLCs at different positions to ensure that the whole runway can be extracted.

The original image and ground truth are shown in the left and right panels

of Fig. 3.11(a), respectively. The final results of LSE methods (3.21), (3.18),
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(b) (c) 

(d) (e) 
 Fig. 3.11.: Results of LSE methods for runway extraction from airport_2. (a) Left

panel: the original image. Right panel: the ground truth. (b)-(e) Results
of the LSE approaches (3.21), (3.18), DRLSE, and CV, respectively.

DRLSE, and CV are illustrated in Fig. 3.11(b)-(e), respectively. Overall,

despite some over-detection, region-based LSE methods (i.e., (3.21) and CV)

perform better than edge-based LSE methods (i.e., (3.18) and DRLSE). As

can be seen, region-based LSE methods are able to extract almost all the

airport runways, whereas the edge-based ones fail to extract the whole object.

For DRLSE, it extracts more objects generally at the expense of boundary

leakage, as shown in Fig. 3.11(d).

Experiment 3: Road Network Extraction

The goal of this experiment is mainly to demonstrate the capability

of the proposed methods (3.18) and (3.21) to deal with the roads with

1) discontinuities or occlusions caused by surrounding objects (e.g., trees
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and buildings) and 2) intensity variations caused by the use of different

construction materials.

The results of all the LSE methods for road network extraction are shown

in Fig. 3.12. Similar to previous experiments, I initialize six ZLCs at different

positions on the road to overcome the challenges caused by discontinuities

or occlusions and ensure that the entire road can be extracted. The original

image with initial ZLCs and the corresponding reference data are presented

in Fig. 3.12(a). Note that two challenging road segments are indicated by

the yellow and red arrows, respectively. The former area indicated by the

yellow arrow is surrounded by a number of trees and its continuity is broken.

In comparison, the latter area indicated by the red arrow is occluded just by

a couple of trees nearby. The road extraction results of LSE methods (3.21),

(3.18), DRLSE, and CV are shown in Fig. 3.12(b)-(e), respectively.

As can be seen in Fig. 3.12(c), the proposed edge-based LSE (3.18)

has the best performance among all the LSE approaches. It is capable of

extracting all the road networks except the broken areas. As the same

type of LSE, the performance of DRLSE, in contrast, is not as great as the

proposed LSE (3.18). Examining Fig. 3.12(d), it just extracts small part of

the road networks and boundary leakage also occurs at some places. Similar

to LSE (3.18), region-based ones, i.e. the proposed (3.21) and CV, also have

favorable performance. They not only extract the desired road networks, but

they also extract those road segments that actually belong to private houses,

which may be useful in some other specific applications. Note that they

also have relatively poor performance at the place indicated by the yellow

arrow.

In addition, I note that it is very difficult to determine the optimal

parameters for DRLSE in the experiment of road extraction. Fig. 3.13

shows the results of DRLSE with different parameters used (see Table 3.2).

According to (Li et al., 2010), I fix λ=5.0, µ=0.04, ∆t=5.0, and c0=2 for

DRLSE throughout this experiment. In the beginning, I set α=3, σ=1.5,

and the template size (TS) 9×9 for the Gaussian kernel. It converges at
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(a) 

(b) (c) 

(d) (e) 
 Fig. 3.12.: Results of LSE methods for road network extraction. (a) Left panel: the

original image. Right panel: the ground truth. (b)-(e) Results of LSE
methods (3.21), (3.18), DRLSE, and CV, respectively. Left panel in each
pair presents the final ZLCs of each LSE, whereas right panel shows the
corresponding binary results.
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Table 3.2.: Parameter values used by DRLSE for road extraction

Fig. 3.13 Parameter values
(a) α=3.0, σ=1.5, and TS=9×9
(b) α=3.0, σ=2.0, and TS=9×9
(c) α=3.0, σ=2.0, and TS=7×7
(d) α=4.0, σ=1.5, and TS=9×9
(e) α=4.0, σ=1.5, and TS=7×7
(f) α=3.5, σ=1.5, and TS=9×9
(g) α=3.5, σ=1.5, and TS=7×7
(h) α=3.8, σ=1.6, and TS=7×7
(i) α=3.8, σ=1.5, and TS=9×9
(j) α=3.8, σ=1.6, and TS=9×9

2589th iteration and just extracts small part of the road, as displayed in

Fig. 3.13(a). Then, I use a larger scale parameter σ=2 to make the original

image smoother and it indeed extracts more objects, as shown in Fig. 3.13(b).

However, the boundary leakage arises at approximately iteration 4300. Based

on this parameter tuning, I change the TS to 7×7. Finally, it is able to extract

only small parts of the road; however, no boundary leakage happens, as

presented in Fig. 3.13(c). According to the repeated parameter tuning, I

empirically found that a larger value of α can expedite the evolution of ZLCs;

however, it generally causes boundary leakage. As shown in Fig. 3.13(d)

and (e), when I use a larger value of α=4, the ZLCs pass through the road

boundaries at some places and extract nearby undesired objects. In addition,

larger values of scale parameter σ and TS often results in over-smoothing

of the original image, which indirectly leads to boundary leakage. Thus, for

the application of DRLSE, it is necessary to make a compromise between the

efficiency and accuracy.

To avoid boundary leakage, I instead use a set of smaller values of α in

Fig. 3.13(f) to (j). However, with none of the parameters it is feasible for

DRLSE to extract the whole road networks. Moreover, it is worth mentioning

that the result of DRLSE with α=3.5 appears to be identical to that of

α=3.8, as shown in Fig. 3.13(f) and (i). After trial and error, I finally
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(a)               (b)               (c)                (d)               (e) 

     
(f)               (g)                (h)               (i)               (j) 

 Fig. 3.13.: Results of DRLSE for road network extraction with different parameter
values (see Table 3.2 for details).

seek out a relatively satisfactory result among all the tests, namely, the one

demonstrated in Fig. 3.12(d).

From the qualitative point of view, the performance of the proposed

edge-based LSE (3.18) is much more favorable than that of DRLSE in all the

experiments. In comparison, no obvious difference can be found between

the proposed region-based LSE (3.21) and CV except the experiment of

building_2. Compared with LSE (3.18), LSE (3.21) is able to obtain more

accurate and complete object boundaries and it is more robust to intensity

variations, see Figs. 3.10 and 3.11. However, in some cases LSE (3.18)

performed better than LSE (3.21). For instance, in the experiment of road

extraction in Fig. 3.12, LSE (3.18) failed to extract the roads that belong to

the private houses since it is sensitive to intensity variations, which however

makes its performance the best among all the LSE methods. In addition,

it should be noted that due to the convolution of original images with the
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Gaussian kernel, object boundaries extracted by edge-based LSE methods

(i.e., (3.18) and DRLSE) are smoother than those obtained by region-based

LSE methods, i.e., (3.21) and CV in all the experiments.

3.6.3 Quantitative Evaluation

In previous section, the proposed LSE approaches (3.18) and (3.21)

were qualitatively compared with the existing popular LSE methods, i.e.,

DRLSE and CV for anthropogenic object extraction. In this section, I eval-

uate their performance quantitatively using four widely used indices, i.e.,

Completeness, Correctness, Quality, and ratio of CPU time, as presented in

Fig. 3.14(a)-(d).

Regarding the completeness, the proposed region-based LSE (3.21)

performs better than other competitors. Specifically, LSE (3.21) clearly out-

performs CV in extracting building_2, as shown in Fig. 3.14(a). In addition

to that, it is comparable to CV for the extraction of other anthropogenic ob-

jects. Compared with DRLSE, the proposed edge-based LSE (3.18) performs

better in extracting building_1, building_2, and road. For the extraction

of airport_1, airport_2, and road, region-based LSE method (3.21) and CV

exceed edge-based ones (3.18) and DRLSE significantly.

With respect to the correctness, the proposed edge-based LSE (3.18)

exhibits obvious advantage over its competitors except for the extraction of

building_1, as shown in Fig. 3.14(b). In addition, LSE (3.21) is comparable

to CV in all experiments.

The quality of all the test methods for anthropogenic object extraction is

plotted in Fig. 3.14(c). As seen clearly, the proposed LSE (3.21) surpasses

other rivals in extracting the first four types of anthropogenic objects. Also,

the proposed LSE (3.18) outperforms its competitor (i.e., DRLSE) in extract-

ing the last four types of objects. Additionally, it has the best performance

in the experiment of road extraction compared with other LSE methods. In

contrast, the quality of CV is not very high for extraction of building_2 and

DRLSE has not high quality for airport_1 and road.
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Fig. 3.14.: Quantitative evaluation of LSE methods (3.18), (3.21), DRLSE, and CV
for anthropogenic object extraction. (a) Completeness. (b) Correctness.
(c) Quality. (d) Ratio of CPU time.

Table 3.3.: The best CPU time for each LSE

Experiments CV LSE (3.21) DRLSE LSE (3.18)
Building_1 50.16 1.96 175.48 2.21
Building_2 75.46 1.61 188.59 2.32
Airport_1 938.06 47.8 8635.78 111.92
Airport_2 4792.67 198.78 19467.42 330.05

Road 362.52 18.07 959.84 26.90

Finally, the ratio of CPU time is presented in Fig. 3.14(d). The CPU

time consumed by each LSE was recorded in Table 3.3. Note that for fair

comparison, I just recorded the CPU time of the best performance for each

LSE. As can be seen clearly, the proposed LSE approaches are much more

efficient than state-of-the-art ones. More precisely, the proposed region-based

LSE (3.21) is at least 20 times faster than CV and the proposed edge-based

LSE (3.18) is at least 35 times faster than DRLSE. For the comparison between

the state-of-the-art LSE methods, CV is almost 3 times faster than DRLSE,

whereas no obvious difference between the proposed LSE methods (3.18)

and (3.21) can be found. By contrast, DRLSE is the slowest among all the

LSE methods.
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3.6.4 Parameter Analysis

Experiments show that the proposed LSE methods (3.18) and (3.21) are

more robust to parameter variation and the optimal parameters are much

more readily available than other two state-of-the-art LSEs, i.e., DRLSE and

CV.

As shown in Fig. 3.7, there are various kinds of parameters in the LSE

methods, which need to be tuned before they can be used in practice. I have

highlighted the most important ones for each LSE. Generally, I fix time step as

∆t=15 for a rapid convergence rate of LSE methods (3.18) and (3.21). Note

that if time step is larger than 25, unstable results may arise. In practical

applications, I therefore just need to tune the parameter σ for (3.21) and

σ1 for (3.18), respectively. The larger value of σ in (3.21) is helpful for

filtering out those small extraneous objects, whereas the larger value of σ1 in

(3.18) is used to remove the noises and make the original image smoother.

As for CV, the optimal parameters can be determined after a small number

of tests. Empirically, the value of the parameter µ should be less than 1.0,

whereas the time step should not be larger than 2.0. In contrast, DRLSE is

very sensitive to the parameter variation. In particular, the small changes

of the parameter values of α, σ or TS may cause serious boundary leakages,

as presented in Fig. 3.13. In all experiments, I fixed other parameters for

DRLSE according to the recommended values in (Li et al., 2010). Despite

that, it is still challenging to seek out the optimal parameters for DRLSE in

specific engineering applications. In current stage, a reliable and feasible

way to solve this problem is to use trial and error.

3.7 Discussion
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3.7.1 Multiclass Object Extraction

For object extraction, the algorithms that only make use of the geometric

shape, or spectral information, or some other special features may restrict

their applications because different objects have their own intrinsic features.

From a generic point of view, LSE methods are more advantageous. Experi-

ments show that they are capable of extracting most anthropogenic objects.

That is because they take advantage of the information of the intensity dif-

ferences between the desired objects and the nearby undesired objects, e.g.,

the edge function g(I) and c+ and c− on each side of the ZLC, rather than

geometric shapes, or multispectral information, or other characteristics. In

addition, the involvement of the appropriate human interaction makes the

proposed methods robust and flexible. In this way, they are more generic and

operational.

3.7.2 Spectral Features of Anthropogenic Objects

Each object has its own distinctive spectral (e.g., color and hue) or radio-

metric property (e.g., brightness, intensity, and tone) in optical multispectral

images. Thus, they can be recognized by using their spectral signatures. For

instance, NDVI derived from R band (0.655-0.690 um) and NIR band (0.780-

0.920 um) is often used to extract the vegetation information. However,

the spectral difference at the range of visible (R, G, and B) and NIR bands

may not be an effective characteristic to represent anthropogenic objects.

This can be validated by the spectral reflectance data, as shown in Fig. 3.15

below. This data is publicly available and can be downloaded from ASTER

Spectral Library, at Jet Propulsion Laboratory (JPL) and California Institute of

Technology (Caltech), NASA. Here, I just discuss the spectral reflectance data

of the construction asphalt and concrete since they are the commonly used

materials for anthropogenic objects. For comparison, I also give the spectral

reflectance of the deciduous tree. As shown clearly, the deciduous tree has

larger spectral difference between the R at NIR ranges. That is the reason
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Fig. 3.15.: The spectral reflectance of the deciduous tree, construction asphalt, and
construction concrete at the range of visible (R, G, and B) and NIR bands.

why NDVI is effective for describing vegetation information. In contrast, no

obvious spectral difference can be found for both construction asphalt and

concrete throughout all the bands (i.e., B, G, R, and NIR band).

Generally, it is accepted that the asphalt and concrete appear to be

darker and brighter parts in high spatial resolution multispectral images,

respectively. The intensity contrast between the desired objects and the

undesired objects nearby, i.e., the radiometric differences are dominant for

anthropogenic object extraction. In addition, it should be noted that only four

spectral bands (i.e., R, G, B, and NIR) are currently available for high spatial

resolution images offered by sensors such as Ikonos, Quickbird, Pleiades-1,

and Geoeye-1.

Based on the above analysis, I conclude that anthropogenic objects are

mainly characterized by the radiometric difference (i.e., brightness, intensity,

and tone) from neighboring objects instead of their spectral differences (i.e.,

color and hue) at the range of visible and NIR bands. This is the reason

why I choose the intensity information instead of the spectral information for

anthropogenic object extraction.
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3.7.3 Limitations of the Proposed Level Set Evolutions

The main limitations of the proposed LSE methods (3.18) and (3.21)

are twofold. First, they require human interaction to set the initial ZLC,

which means that they are a semi-automated method. Currently, it is still a

challenging task to make them fully automated. This is because the initial

ZLC cannot be determined automatically. However, the degree of automation

of the proposed LSE methods is acceptable since only limited human input is

required. Baltsavias (2004) mentioned that fully automated object extraction

is an open problem. Mayer (2008) pointed out that it is very important and

helpful to consider efficient human interaction in devising a practical object

extraction system. Blaschke (2010) also mentioned that automated object

recognition is an end goal. Second, it is currently not easy for us to estimate

the scale parameter values such as σ for the region-based LSE (3.21) and σ1

and σ2 for the edge-based LSE (3.18) adaptively. That is because it is not

easy to obtain the accurate noise levels of the original images in advance.

3.7.4 Future Work

As discussed above, there is large room to increase the degree of au-

tomation of the proposed LSE methods. To this end, I intend to use some

inherent geometric features (e.g., corners for building roofs and straight lines

for roads or runways) of the desired objects to automate the initialization

of ZLC. In the meantime, to obtain the scale parameter values for the pro-

posed LSE approaches automatically, I intend to estimate the noise levels

of the original images in advance. To make the proposed edge-based LSE

more robust to noise, the edge-preserving filter such as bilateral filter can

be applied to the original images. The edge-preserving filter can smooth the

image regions while preserving the image edges effectively. In this chapter I

primarily focused on extracting anthropogenic objects without considering

natural objects. Thus, future research can also be directed at extraction of

natural objects such as tree crown, surface water body, and shoreline. More-
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over, for some specific applications such as agriculture mapping, it would

be promising to integrate texture features like in (Wu and An, 2014) into

LSE method. In addition, it would be promising to merge the two proposed

LSE methods together to handle multiple types of objects from one scene

simultaneously.

3.8 Conclusion
In this chapter, I proposed two fast level set evolution (LSE) formulations:

the edge-based LSE (3.18) and the region-based LSE (3.21), in which the

traditional regularization term is replaced by a Gaussian kernel in a separate

step and it is mathematically sound to do that. This makes it possible to use

a relatively larger time step in their numerical schemes, thus expediting their

convergence considerably. Moreover, a new data term was devised for the

proposed region-based LSE (3.21) that makes it more robust to the initial

position of ZLC, the sign of LSF, and the image noise compared with the

proposed edge-based LSE (3.18).

Experiments show that LSE methods are capable of extracting most an-

thropogenic objects from remote sensing images by just using the gradient or

region statistics (i.e., intensity mean) instead of the typically used geometric

shapes and multispectral signatures. However, compared with state-of-the-art

approaches in extracting building roofs, road networks, and airport runways,

the proposed LSE methods are computationally much more efficient while

achieving better performance. Most importantly, they have much fewer input

parameters, which make them advantageous in practical applications.
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4Automation of Proposed Level

Set Evolution Methods

„All you need in this life is ignorance and

confidence, and then success is sure.

— Mark Twain

This chapter is based on my journal papers (Li et al., 2014b; Li et al.,

2014c).

As mentioned in the previous chapter, there is still room to increase the

level of automation of the proposed LSE methods. For this reason, in this

chapter I propose two approaches to automate LSE in practical applications.

The first approach is called line-finder-aided LSE, and the second is change

detection-based LSE. The former is applied to extract airport runway from

Google Earth images, whereas the latter is exploited for landslide mapping

from bitemporal aerial orthophotos.

4.1 Line-Finder-Aided LSE and Its Application

to Airport Runway Extraction

4.1.1 Related Work

Generation of Initial Level Curve

Despite the widespread use of LSE, automatic generation of initial level

curve for LSE is still a challenging problem. In most existing LSE applications,

the initial level curves are generated manually or randomly, which prevents

them from being used efficiently and widely. For instance, Karantzalos and

Argialas (2009) exploit an ellipse as initial level curve for automatic extraction

of man-made objects such as roads, buildings, and airport runways. However,
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their initialization can be further improved since the large capture range

of their initial level curve generally leads to extraction of other undesired

objects which needs further post-processing. Li et al. (2010) suggest that

a simple and efficient preliminary segmentation such as thresholding can

be used to generate the initial level curve. However, this thresholding is

unsuitable for large scale remote sensing data processing when complicated

backgrounds exist. Kim and Shan (2011) initialize the zero-level curves as

regularly spaced polygons across entire image, which also inevitably results

in extraction of unwanted objects. Ardila et al. (2012) use the normalized

difference vegetation index (NDVI) intensity surface profile of a tree crown as

initial LSF to extract trees in urban areas. For automatic extraction of building

rooftop by using LSE, Cote and Saeedi (2013) utilize Harris corner detector

to find the potential building corners, based on which the initial curves are

then generated. However, this automatic initialization is restricted to extract

those objects that have corner features, and thus, it may be inapplicable to

those long and thin objects without corners, like roads or airport runways.

Airport Runway Extraction

In recent years, several approaches for airport runway extraction have

been developed. For instance, based on the Chan-Vese (CV) model (Chan

et al., 2000), Karantzalos and Argialas (KA) (Karantzalos and Argialas, 2009)

propose a region-based level set method by integrating both image intensity

and variance to extract airport from SPOT panchromatic images. It is capable

of handling irrelevant objects that generally share similar intensity with

desired objects but have large variance. However, due to its wide capture

range of initial curve, it often extracts other undesired objects for which

further efforts need to be made to refine the detection. Tao et al. (2011)

utilize scale invariant feature transform (SIFT) keypoints and object-oriented

image segmentation to detect airport from IKONOS panchromatic images.

Hough transform is further used to extract airport runway roughly. More

recently, Wang et al. (2013) also use Hough transform and SIFT to detect
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airport from Google Earth images. In addition, Aytekin et al. (2013) use the

discriminative texture features of airport for automatic detection of airport

runway from Google Earth images.

Despite the significant progress in airport extraction from optical images,

many challenges remain. I note that the methods in (Tao et al., 2011; Wang

et al., 2013; Aytekin et al., 2013) can be further improved if more attention

is paid to delineating the airport runway accurately, not only to locating the

airport roughly. For texture feature extraction, the methods in (Tao et al.,

2011; Aytekin et al., 2013) need to collect large numbers of discriminative

training sample, which is sometimes laborious and time-consuming. Thus, it

would be better if the computational cost can be substantially reduced for

these methods.

Major Contributions

In most existing LSE methods, the generation of initial level curves

needs considerable human-computer interaction, which is sometimes labor

intensive and time-consuming. In this chapter, I propose a semiautomatic

approach for the generation of initial level curves by using a long straight

line finder, and further apply it to extract airport runway from Google Earth

images by means of a region-based LSE. Here, the proposed method utilizes

the facts that (1) sufficient long straight boundaries exist in the target image

as a result of intensity variations between airport runways and their nearby

objects, and (2) the spectral property of airport runways is approximately

homogeneous. More specifically, the main contributions in this section are:

1. For semiautomatic generation of initial level curves, a long straight line

finder is introduced to detect the boundaries of airport runways.

2. In contrast to previous LSE methods, the initial level curves in my

approach are generated based on the geometric characteristics of the

desired objects. In this way, it will be more operational than those

methods in (Karantzalos and Argialas, 2009; Kim and Shan, 2011)

whose initial level curves are produced manually or randomly.
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Fig. 4.1.: Flowchart of the proposed semiautomatic airport runway extraction.

3. The proposed generic approach for semiautomatic generation of initial

level curve can be readily generalized to other state-of-the-art methods.

4. For accurate extraction of airport runways from Google earth images,

I introduce a fast region-based LSE that is a further development of

CV model (Chan et al., 2000). It is computationally efficient while

achieving the object extraction accuracy comparable to other state-of-

the-art LSE methods.

4.1.2 Methodology

In this section, I first introduce the long straight line finder proposed

in (Kahn et al., 1990; Košecká and Zhang, 2002) followed by the approach

for semiautomatic generation of initial level curves, and then introduce the

region-based LSE (3.21), including the choice of time step. Fig. 4.1 shows

the flowchart of my proposed method for airport runway extraction.

Line Finder

Line segment detection has long been an important topic in computer vi-

sion. Most man-made objects can actually be decomposed into line segments

(Wu et al., 2007). Typically, standard straight line detection methods first
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Fig. 4.2.: Flowchart of the line finder proposed in (Kahn et al., 1990; Kosecka and

Zhang, 2002).

apply the Canny edge detector followed by Hough transform to detect all

the line segments (Gioi et al., 2008). However, Hough transform also suffers

from certain limitations. For instance, it is considered unsuitable for handling

texture objects. In addition, traditional least squares method for line fitting is

not robust when outliers are present (Qjidaa and Radouane, 1999) and they

often fail to fit vertical lines. In this section, I use the long straight line finder

presented in (Kahn et al., 1990; Košecká and Zhang, 2002) for linear object

extraction. The flowchart of the line finder is illustrated in Fig. 4.2 and its

rationale is given as follows.

The principal steps of the line finder proposed in (Kahn et al., 1990;

Košecká and Zhang, 2002) are as follows:

1. Compute the image gradient and find the edge pixels. The first step

of the line finder is to compute the image gradient ∇I = (Ix, Iy) and

gradient direction, i.e., α = arctan(Iy/Ix) at each pixel (Kahn et al.,

1990), and then the Canny edge detector is used to find the edge pixels

(xi, yi) (Košecká and Zhang, 2002).

2. Quantize the gradient directions. For computational efficiency, gradient

directions are coarsely quantized into 8 ranges (Kahn et al., 1990), i.e.,

from 15π/8 to π/8 as the first range, from π/8 to 3π/8 as the second

range, and so on. The edge pixels falling into the same direction range
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are categorized into the same class and are given a same label (Košecká

and Zhang, 2002).

3. Generate line support regions using the connected components algo-

rithm. In this step, connected components algorithm is utilized to

categorize the adjacent edge pixels with the same labels into line sup-

port regions (Kahn et al., 1990), from which the resulting lines can

be fitted. In a particular line support region, the length of the fitted

line can be estimated by counting the edge pixel number belonging to

this region (Kahn et al., 1990). In this section I only care about the

longer lines with the lengths above a threshold T that is a percentage

of the diagonal length of the image. To reduce computational efforts,

I therefore exclude the line support regions that represent short lines

with lengths less than the given threshold T .

4. Line fitting. For each generated line support region, a covariance matrix

D can be obtained as follows (Košecká and Zhang, 2002):

D =

 ∑
i x̃

2
i

∑
i x̃iỹi∑

i x̃iỹi
∑
i ỹ

2
i

 (4.1)

where x̃i = xi − x̄ and ỹi = yi − ȳ measure the deviation of each edge

pixel from the mean of the dataset in a particular line support region,

where (xi, yi) is the coordinate of ith pixel, x̄ = 1
n

∑
i xi and ȳ = 1

n

∑
i yi

are the mean coordinate of all the edge pixels, and n is the number

of edge pixels, as shown in Fig. 4.3. Accordingly, the eigenvalues λ1

and λ2 and corresponding eigenvectors e1 and e2 of matrix (4.1) can

be obtained, and further, the line parameters (ρ, θ) can be determined

(Košecká and Zhang, 2002):

θ = arctan (e1(2), e1(1)) (4.2)

ρ = x̄ cos θ + ȳ sin θ (4.3)
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 Fig. 4.3.: Diagram of the line fitting. The little circles represent edge pixels. Red
line segment AB corresponds to the best-fitting line for the line support
region. (xA, yA) and (xB, yB) are the coordinates of endpoints A and B,
respectively. (x̄, ȳ) is the midpoint coordinate of the line segment AB. θ
is derived from the direction vector of the fitted line.

where (x̄, ȳ) is the midpoint coordinates of the line segment, as can

be seen in Fig. 4.3. e1 is the eigenvector corresponding to the largest

eigenvalue of the covariance matrix (4.1) and it is also the direction

vector of the best-fitting line.

With the known angle θ and midpoint coordinate of the line segment, I

can readily obtain the accurate linear equation for the line support region.

However, my aim is to obtain the endpoint coordinates that match well with

the desired object boundary. To achieve this, I need to find the length of the

line segment. It is noteworthy that ρ in (4.3) is not the actual length of the

best-fitting line. Here, I use the approximate length of the fitted line L as

follows:

L =
√

[max(x)−min(x)]2 + [max(y)−min(y)]2 (4.4)

where max(·) and min(·) mean maximum operator and minimum operator

respectively. (x, y) denotes the coordinates of the edge pixels in a particular
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(a)                          (b) 

  
(c)                           (d) 

 Fig. 4.4.: Line finder results with different thresholds T for the Stuttgart airport,
Germany. (a) Original image. (b)-(d) The results of line finder with
T=0.05,0.1, and 0.5, respectively.

line support region. Thus, the coordinates of endpoints A and B in Fig. 4.3

can be obtained as follows:

xA = x̄− (L/2) ∗ cos θ (4.5)

yA = ȳ − (L/2) ∗ sin θ (4.6)

xB = x̄+ (L/2) ∗ cos θ (4.7)

yB = ȳ + (L/2) ∗ sin θ (4.8)

The best-fitting line segment AB is shown in Fig. 4.3. Note that I

can obtain another two pairs of endpoint coordinates if I use (4.3) as the

approximate length of the fitted line. However, the length of the line segment

obtained by using (4.3) is different from the one obtained by using (4.4). In

this section, it is appropriate for us to use (4.4) as the length of the best-fitting

line segment since in this case I can obtain the longest line segments that

match well with the desired object boundaries.

Fig. 4.4 demonstrates the results of line finder with different thresholds

T for the image of the Stuttgart airport, Germany. As can be seen in Fig.

4.4(b) to (d), with the increase of the threshold T from 0.05, 0.1 to 0.5, the
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 Fig. 4.5.: Diagram of semiautomatic generation of initial level curves. (a) Semi-
automatically generated candidate initial level curves based on the known
points A, B, and C. (b) Only desired initial level curve remains.

longer lines hold, whereas the shorter lines vanish automatically. Intuitively,

longer lines generally represent the boundaries of airport runway. Short

lines, however, generally indicate other non-object boundaries such as those

extracted from a plane and the lawn in Fig. 4.4(b).

Semiautomatic Generation of Initial Level Curves

According to the results of line finder in the previous section, the coor-

dinates of the endpoints and midpoints of the final extracted lines can be

obtained. Based on the extracted line segment in Fig. 4.4(d), I describe the

method for semiautomatic generation of initial level curves as follows.

In Fig. 4.5, since the coordinates of endpoints A(xa, ya) and B(xb, yb)

and midpoint C(xc, yc) are known, the normal vector of line segment AB,

i.e., ⊥
−→
AB, can be obtained as follows:

⊥
−→
AB = ((ya − yb), (xb − xa)) (4.9)

Further, the unit normal vector can be written as follows:

~e⊥−→AB =
 ya − yb√

(ya − yb)2 + (xb − xa)2
,

xb − xa√
(ya − yb)2 + (xb − xa)2

 (4.10)
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In this way, the coordinates of points D(xd, yd) and E(xe, ye) that lie in the

perpendicular direction of line segment A can be obtained:

xd = xc +K(ya − yb)/
√

(ya − yb)2 + (xb − xa)2 (4.11)

yd = yc +K(xb − xa)/
√

(ya − yb)2 + (xb − xa)2 (4.12)

xe = xc −K(ya − yb)/
√

(ya − yb)2 + (xb − xa)2 (4.13)

ye = yc −K(xb − xa)/
√

(ya − yb)2 + (xb − xa)2 (4.14)

where the scale coefficient K is used to control the distance between points

C and D or C and E. Then, two closed curves can be obtained in Fig. 4.5(a):

one is the triangle ABD locating in the airport, and the other is the triangle

ABE falling into the adjacent lawn. Generally, the airport runways and

their nearby objects appear distinct in intensity since they are composed of

different substances, and thus, they are discernible. Since the line segment

AB is the boundary between the airport and the lawn, the mean intensity

in triangle ABD, i.e., IABD, is different from the one in triangle ABE, i.e.,

IABE. Based on this criterion, initial level curve can be determined semi-

automatically. In current case, my object of interest is the airport runway

and in the meantime, it appears to be brighter than its surrounding lawn,

that is to say IABD > IABE. Therefore, the triangle ABD is chosen as initial

level curve for LSE, as shown in Fig. 4.5(b). In the following experiments,

the proposed method for semiautomatic generation of initial level curve is

applied to the representative LSE methods such as CV (Chan et al., 2000), KA

(Karantzalos and Argialas, 2009), DRLSE (Li et al., 2010), and RFLSE (Zhang

et al., 2013).

Region-based Level Set Evolution

In this chapter, I use the LSE method (3.21) for semiautomatic extraction

of airport runway. It is quite important to choose an appropriate time step

for LSE. As pointed out in (Gibou and Fedkiw, 2002), the traditional motion

by mean curvature, e.g., div(∇φ/|∇φ|) mentioned before, is subject to the
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(a)                     (b) 

  

(c)                     (d) 

 Fig. 4.6.: Results of CV (Chan and Vese, 2001) and the LSE (3.21) with different
time steps for object detection from a synthetic image. (a) and (b) The
results of CV model with ∆t=5 and 15, respectively. (c) and (d) The
results of LSE (3.21) with ∆t=5 and 15, respectively.

stringent time step restriction. To obtain stable results, the selections of

time step ∆t in traditional LSE approaches (Caselles et al., 1997; Chan et al.,

2000) generally have to satisfy the Courant-Friedrichs-Lewy condition, i.e.,

the time step should be sufficiently small (Li et al., 2010). Admittedly, using

a large time step is usually capable of expediting the LSE. However, in most

cases, it results in unstable results. Therefore, one has to make compromises

between the large time step and the accuracy of object extraction (Li et al.,

2005). Nevertheless, the model (3.21) can use a relatively larger time step

while achieving a high accuracy for object extraction. As shown in Fig. 4.6,

even with a larger time step, it still performs better than CV model for object

detection from a synthetic image. It should be noted however, that the time

step cannot be too large, the upper bound is often fixed at 20.
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4.1.3 Experimental Results

To validate the effectiveness of the proposed line-finder-aided LSE for

semiautomatic extraction of airport runway, I compare it with other state-of-

the-art LSE methods such as the region based models, i.e., CV (Chan et al.,

2000), KA (Karantzalos and Argialas, 2009), and RFLSE (Zhang et al., 2013),

and the edge based model without re-initialization, i.e., DRLSE (Li et al.,

2010). Experiments are performed on MATLAB® R2012a in Windows 8®

OS with a MacBook Pro of Intel(R) Core(TM) i5-3210M CPU @ 2.50 GHz, 4

GB RAM. In the following sections, data sets, parameters tuning, evaluation

metrics, results and discussion, and comparisons are elaborated.

Dataset

8 test images obtained from Google Earth are used for performance

evaluation. The test data #1-8 are displayed in the first column of Fig. 4.7.

They represent the airports of a part of Stuttgart (Germany), Beijing (China),

Hannover (Germany), Stuttgart (Germany), Hartsfield-Jackson Atlanta In-

ternational Airport (Georgia, USA), Rick Husband Amarillo International

(Texas, USA), Munich (Germany), and George Bush Intercontinental (Texas,

USA), respectively. Image sizes are given in Table 4.1 and the spatial res-

olution of these image data is approximately at sub-meter. #1 image is a

part of #4 image and it has been used in Fig. 4.4 and Fig. 4.5 for illus-

trating the semiautomatic generation of initial level curves. Note that the

images obtained from Google Earth are unavoidably degraded in terms of

both spectral and radiometric information. For each color image tested in

the experiments, only the corresponding gray level image is processed. As

shown in Fig. 4.7, #1 image apparently has higher spatial resolution than

other test images. However, airplanes in #1 image may lead to occlusions

for airport runway extraction. In test images #1-5, some parts of airport

runways are heterogeneous so that incomplete extraction may be resulted. In

contrast, the intensities of airport runways in images #6-8 are approximately
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Table 4.1.: Parameter values used by line finder for semiautomatic generation of
initial level curves

Test images Image size (pixels) Parameter values
#1 972 × 588 T=0.3, K=15
#2 1089 × 590 T=0.4, K=15
#3 1132 × 580 T=0.4, K=12
#4 983 × 496 T=0.5, K=12
#5 726 × 629 T=0.3, K=7
#6 812 × 645 T=0.5, K=15
#7 1185 × 665 T=0.4, K=12
#8 730 × 647 T=0.2, K=5

homogeneous. From the perspective of the complexity, the airport runways

in images #1-4 are relatively simple, whereas the ones in images #5-8 not

only have complex geometrical shapes and topological structures, but also

have more challenging backgrounds with a variety of objects that appear

similar to airport runways in terms of intensity, shape, and structure.

Parameter values

In general, two types of parameters need to be tuned in this experiment.

The first one is the parameters used in the line finder for the semiautomatic

generation of initial level curves for images #1-8. Specifically, they are the

threshold T and scale coefficient K in (4.14). According to (Košecká and

Zhang, 2002), threshold T is a percentage of the image size and is capable of

adjusting the length of extracted lines. A relatively large value of T can ensure

line finder to extract longer lines that most likely represent the boundaries of

airport runway. However, it may fail to detect the desired long lines when the

value of T is too large. For different images, parameter T needs to be tuned

accordingly. In addition, it is worth noting that the step of semiautomatic

generation of initial level curves is sensitive to the scale coefficient K. The

larger value of K is, the wider capture range of initial level curves will be.

To avoid extracting undesired objects for LSE, one can use K with a slightly

small value. Table 4.1 gives the parameters used by line finder in the step of

semiautomatic generation of initial level curves for images #1-8. Empirically,
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Table 4.2.: Parameter values used for test methods
Methods Parameter values

CV ∆t=2, µ=0.2, ν =0, λ1=λ2=1
KA ∆t=1, β=0.2

DRLSE ∆t=5, µ=0.04, λ=5, α=-5
RFLSE ∆t1=1, ∆t2=0.1, µ = 0.5× 2552, ν =0, λ1=λ2=1

LSE (3.21) ∆t=15

the values of threshold T range from 20% to 50% of the image size and the

values of K are related to the width of the airport runways.

The second type of parameters is the ones used by each of the LSE

methods. Since each LSE method has its own peculiar parameters, I tabulate

the optimal ones that obtained from the experiments in Table 4.2.

As can be seen from Tables 4.1 and 4.2, there are totally 7 parameters

for CV model; 4 for KA model; 6 for DRLSE; 8 for RFLSE; and 3 parameters,

i.e., T , K, and ∆t, for LSE (3.21) need to be tuned respectively. In this

respect, LSE (3.21) is much more operational than other state-of-the-art

approaches.

Quantitative Evaluation

The performance of the proposed line-finder-aided LSE for semiauto-

matic airport runway extraction is evaluated by comparing it with other

state-of-the-art methods. The extracted results are quantitatively compared

with the ground truth data in terms of Completeness, Correctness, and

Quality as defined before. In addition, another important metric to evalu-

ate the model performance is the CPU time that reflects the computation

efficiency of each method.

Results and Discussion

The results of the proposed method for test images #1-8 are illustrated

in Fig. 4.7. The first column shows the test data with green initial level curves.

The second column displays the extracted airport runways shown in red color.

The final binary results of the extracted airport runways are shown in the third

column, and the fourth column gives the ground truths of the test data. The
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 Fig. 4.7.: Test data and the results of the proposed method. First column shows
the test data #1-8 with the semi-automatically generated green initial
level curves. Second column shows the extracted airport runways with
red color. Third column displays the binary results of the extracted airport
runways. Fourth column is the ground truth data.

quantitative results are given in Table 4.3. In general, the proposed method

performs well for images #1-4, although some inhomogeneous runways are

present. Especially for image #1, its quality is the highest at 89.1%, as shown

in bold text in Table 4.3. By contrast, the final accuracy of the proposed

method for images #6-8 with homogeneous runways is not as great as that of

images #1-4. Particularly, the quality of the proposed method for image #5 is
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Table 4.3.: Quantitative results of the proposed method
Test images Completeness Correctness Quality

#1 0.969 0.957 0.891
#2 0.832 0.945 0.759
#3 0.880 0.967 0.830
#4 0.861 0.960 0.803
#5 0.764 0.847 0.599
#6 0.817 0.904 0.696
#7 0.872 0.896 0.725
#8 0.867 0.813 0.614

Average 0.858 0.912 0.740

the lowest at 59.9%, also highlighted by bold text. This is due to the fact that

the runways in images #5-8 have more complex environmental conditions

than those in images #1-4. Specifically, the complicated background is a

combined effect of the following four factors. First, as can be seen in images

#5-8, the nearby buildings impose great challenges for airport runways

extraction since they have intensities similar to the desire objects. This

similarity results in over-detecting for the proposed method. Second, the

shadows formed by the airplanes on the runways generally cause incomplete

extraction for the proposed method. Test images #5 and 7 are examples

for this fact. Third, some runways are under-construction like the ones

in images #3 and 5, and thus, there exists some intensity variations that

lead to incomplete extraction or over-detection. Fourth, due to the different

construction materials used, the inherent intensity inhomogeneity of runways

exists and it also leads to incomplete extraction of the proposed method. As

can be seen in image #5, the poor performance of incomplete extraction is

mainly attributed to this reason.

Despite the challenging environmental conditions, it is found that the

proposed method performs fairly well. Quantitative evaluation in Table

4.3 shows that the average completeness of the proposed method for the

challenging test images is 85.8%, average correctness is above 91%, and

average quality is close to 75%.
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 Fig. 4.8.: Five test methods are applied to images #1 and #5. (a) Original images
with the semi-automatically generated green initial level curves. (b)-(f)
The results of CV, KA, DRLSE, RFLSE, and LSE (3.21), respectively.

Comparison with Other State-of-the-Art Methods

For a fair comparison, I apply all the existing methods to two represen-

tative images #1 and #5, as shown in Fig. 4.8. Due to the higher spatial

resolution than other images, the airplanes in image #1 are clear and distin-

guishable. Thus, image #1 is suitable for evaluating the methods’ anti-noise

performance. The runways in image #5 are characterized by complex geo-

metrical shape and topological structure and inhomogeneity. Furthermore,

the desired objects are surrounded by extremely complicated environmental

conditions that pose great challenges for automatic object extraction.

To start with, I detect the boundaries of the airport runway by using the

line finder and go on to generate the initial level curves semi-automatically.

Here, I get the initial level curves by setting T=0.3 for both images. The orig-

inal images with green initial level curves are displayed in Fig. 4.8(a). Then,

the initial level curves are applied to CV, KA, DRLSE, RFLSE, and LSE (3.21),

respectively, and the results are shown in Fig. 4.8(b)-(f), respectively.

From the qualitative point of view, both KA and DRLSE models com-

pletely fail to extract the desired objects from image #1 and #5, as shown

in Fig. 4.8(c) and (d). With small range of initialization, the level curves

in the two models stop after several iterations and cannot evolve further.

Due to the noise sensitivity, DRLSE model only extracts part of the runway

from image #1 and finally stops at the wrong boundaries. In comparison,

RFLSE model is more robust to noise and is able to identify the complete
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Table 4.4.: Quantitative results of CV and LSE (3.21)
Indices Images CV LSE (3.21)

Completeness
#1 0.971 0.969
#5 0.736 0.764

Correctness
#1 0.962 0.957
#5 0.849 0.847

Quality
#1 0.901 0.891
#5 0.583 0.599

CPU time (s)
#1 188.9 20.6
#5 352.2 26.8

airport runway from image #1, but it also extracts other undesired objects

such as the nearby buildings and the letters of Google, as can be seen in Fig.

4.8(e). Also, it fails to identify the desired runways from image #5 and other

unwanted objects are extracted at the same time. Thus, it is unnecessary for

us to further evaluate the results of KA, DRLSE, and RFLSE quantitatively. By

contrast, CV and LSE (3.21) perform fairly well and their quantitative results

are shown in Table 4.4. As can be seen, LSE (3.21) is computationally much

more efficient than the CV model while its accuracy is comparable to that

of CV model. For images #1 and #5, the CV model consumes 188.9 s and

352.2 s, respectively, whereas LSE (3.21) is nearly 10 times faster than the

CV model and it takes only 20.6 s and 26.8 s, respectively, as highlighted in

Table 4.4.

In addition, I found that the KA model is somewhat sensitive to initializa-

tion. When setting the initial level curve with large capture range like in KA,

it is able to obtain better results. As shown in Fig. 4.9, the airport runway

in image #1 can be successfully extracted after 800 iterations and it takes

104.5 s totally. Unfortunately, it fails to extract the entire airport runway

from image #5.

4.1.4 Conclusion

In this section, I automate the proposed region-based LSE (3.21) by

exploiting a line finder to generate the initial level curves. Then, it is applied

to extract airport runways from Google Earth images. More specifically, the
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(a)                                (b) 

 Fig. 4.9.: Results of KA model for images #1 and #5. (a) Original images and the
green initial level curves with large capture range. (b) The final results of
KA model.

line finder is used to detect long straight boundaries from the original images.

Then, based on the detected boundaries, initial level curves for LSE can

be semi-automatically generated. Finally, LSE (3.21) is utilized to evolve

these initial level curves towards desired airport runway boundaries. Experi-

ments are carried out on 8 test images obtained from Google Earth. Results

corroborated that the proposed approach could accurately extract airport

runways with arbitrary geometric shapes and topological structures from

complicated backgrounds even under challenging environmental conditions.

In contrast to other state-of-the-art methods, it has much fewer parameters,

more precisely, only three parameters need to be tuned as mentioned above,

and thus it is much more operational. Moreover, it is more computationally

efficient and less manual intervention is needed during the whole process of

object extraction.

To summarize, four contributions has been made: (1) A long straight

line finder is applied to object extraction from remote sensing image; (2)

Based on the line finder, initial level curves for LSE can be semi-automatically
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generated; (3) The proposed approach for semiautomatic generation of initial

level curve can be readily generalized to state-of-the-art LSE methods; and

(4) The LSE method used in this section is much more computationally

efficient while object extraction accuracy is comparable to other existing LSE

approaches.

Given its efficiency and accuracy, I intend to pursue further research

on other object extraction from remotely sensed data by using the proposed

method, such as the extraction of roads, buildings, tree crowns, and vehicles.

Meanwhile, it would be interesting to further improve the proposed LSE

method by integrating other local features such as texture, shape, and spectral

information.

4.2 Change Detection Based LSE and Its

Application to Landslide Mapping

In this section, the initial level curves of the proposed LSE methods (3.18)

and (3.21) are generated automatically by using change detection technique.

Then, they are applied to map landslides from aerial orthophotos.

Landslide hazard (natural or human-induced) often results in tremen-

dous loss to human lives and properties (Hervás et al., 2003; Huang and Fan,

2013; Lu et al., 2014). Over the past few decades, it has received considerable

attention by disciplines such as geography (Battistini et al., 2013; Promper

et al., 2014; Westen et al., 2008; Corominas et al., 2014; Van Den Eeckhaut

and Hervás, 2012; Guzzetti et al., 2012), natural hazards (Van Westen et al.,

2003; Hong et al., 2006), and remote sensing (Nagarajan et al., 1998; Met-

ternicht et al., 2005; Tralli et al., 2005; Joyce et al., 2009; Mondini et al.,

2011; Stumpf and Kerle, 2011; Travelletti et al., 2012; Scaioni et al., 2014;

Lu et al., 2015). In particular, there has been an explosion of research into

landslide inventory mapping (LIM), which records the attribute information

of landslide, including the location, type, distribution, size or volume, date

of occurrence, and sometimes the triggering factors (Guzzetti et al., 2012;
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Corominas et al., 2014). It is therefore the most essential information for

landslide investigation (Westen et al., 2008; Corominas et al., 2014). It is

not only important to analyze and understand the causal factors of the past

landslides, but also helpful for monitoring and predicting future hazards.

However, it is currently still difficult to achieve LIM reliably and automatically

in practical engineering applications. Although traditional field survey can

obtain reliable results, it is often time-consuming, labor-intensive, and costly

(Galli et al., 2008).

In recent years, with the availability of very high resolution (VHR)

remote sensing images (spaceborne, airborne, and terrestrial) (Metternicht

et al., 2005; Keefer and Larsen, 2007; Kirschbaum et al., 2012; Qiu, 2014),

landslides can be mapped more accurately, completely, and rapidly than

before (Guzzetti et al., 2012). For example, simulated 1 m IKONOS images

(Hervás et al., 2003), 0.6 m pan-sharpened Quickbird images (Kieffer et al.,

2006), 6.6 m KOMPSAT-1 images (Lee and Lee, 2006), 2.5 m pan-sharpened

ALOS images (Voigt et al., 2007), 10 m SPOT5 images (Joyce et al., 2009),

and terrestrial laser scanning and Nikon reflex digital camera combined

data (Travelletti et al., 2012) have been used for LIM. Also, point data

or Light Detection and Ranging (LiDAR) data has been proven effective

at mapping landslides in forested areas (Razak et al., 2011; Baldo et al.,

2009; Jaboyedoff et al., 2012; Travelletti et al., 2014; Chen et al., 2014)

and quantifying the volume changes of landslide over time (Ventura et al.,

2011; Pesci et al., 2011). In addition, Synthetic Aperture Radar (SAR) images

and Interferometric SAR (InSAR) technology have been widely used for LIM

due to their competitive advantages over optical images in slow-moving

landslides monitoring and LIM in cloudy areas (Hilley et al., 2004; Liu et al.,

2013; Cascini et al., 2009; Lu et al., 2012; Herrera et al., 2013; Del Ventisette

et al., 2014; Ciampalini et al., 2015).

Currently, the multitemporal change analysis of remote sensing images

has received growing attention in LIM, which makes it possible to map land-
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slides from remote sensing images semi-automatically. In the next subsections,

the previous pioneering works are briefly reviewed.

4.2.1 Related Work

In this section, past LIM methods are classified into three general groups:

pixel-based, object-based, and other approaches.

Pixel-Based Methods

The basic processing elements of pixel-based approaches are single pixels.

Change detection (CD) is by far the most commonly used LIM method due to

its simplicity and applicability (Hervás et al., 2003; Cheng et al., 2004; Lee

and Lee, 2006). A comprehensive review of CD techniques can be found in

(Lu et al., 2004). From the perspective of CD, landslides can be regarded as

land cover changes that occur over time. For instance, in (Yang and Chen,

2010), LIM is converted into the quantification of vegetation change, which is

derived from Landsat and ASTER images automatically. Cheng et al. (2004)

exploit band ratio for semi-automated LIM from SPOT images. In (Nichol

and Wong, 2005), post-classification (PC) comparison is used for LIM from

SPOT images. In (Mondini et al., 2011), CD techniques are applied to LIM

from bitemporal Quickbird images.

Although numerous CD approaches have been developed, few are com-

petent enough for all situations due to the diversity of landslide. Thus, there

is a tremendous need to develop more reliable and automated CD techniques

(Bruzzone and Bovolo, 2013).

In addition to CD approaches, there have been many other methods

proposed for LIM. For example, image correlation technique is used for LIM

from images acquired by digital single-lens reflex camera in (Travelletti et al.,

2012) and SAR images in (Raucoules et al., 2013). A semi-automated method

based on intensity threshold and maximum likelihood classification is applied

for LIM from EO-1 and SPOT-5 images (Parker et al., 2011). More recently,
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Cheng et al. (2013) combine scene classification and machine learning for

LIM from GeoEye images.

Object-Based Approaches

The basic processing units of object-based image analysis (OBIA) are im-

age objects that often consist of single pixels with similar spectral signatures

(Benz et al., 2004). In this way, objects can be characterized by statistics

(e.g., mean or variance value of all the bands), shapes (e.g., length, width,

and area), texture, and contextual features (mutual relationships of image

objects), which are often unavailable for traditional pixel-based approaches.

In recent years, OBIA has been widely employed in remote sensing due to

the public availability of the commercial software eCognitionr.

In (Martha et al., 2011), landslide boundaries are delineated using

OBIA, which is enhanced by segment optimization. In (Lu et al., 2011), CD

technique and OBIA are combined for rapid LIM from Quickbird images.

In (Stumpf and Kerle, 2011), OBIA and random forest are combined to

achieve LIM from VHR satellite images, and some important object metrics

are summarized, which would be helpful for other applications. More recently,

(Rau et al., 2014) also employ OBIA for LIM from optical ortho-images and

digital elevation model. Generally, panchromatic images can offer more

fine spatial details of landslides compared with lower resolution images.

Thus, historical LIM is obtained from multitemporal panchromatic images

using OBIA in (Martha et al., 2012). However, VHR images also increase the

heterogeneity of landslides, which often complicates LIM substantially. To

address this issue, (Kurtz et al., 2014) exploit multiresolution optical images

to achieve LIM.

Although OBIA can take full advantage of landslide features (Martha

et al., 2010), it suffers from some limitations in real applications. For instance,

1) issues regarding feature selection and generic applicability still remain

(Stumpf and Kerle, 2011), 2) to obtain the optimal parameter values, consid-

erable human interactions are required, and thus, it is time-consuming and
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the degree of automation is very low for real applications, and 3) there are

uncertainties such as scale selection in OBIA, which is still an open problem

(Myint et al., 2011).

Other Approaches

To achieve accurate LIM, most existing studies still exploit time-consuming

and labor-intensive visual interpretation in practical engineering applications.

For example, in (Lee and Pradhan, 2007; Fiorucci et al., 2011; Gorum et al.,

2011; Xu et al., 2014), considerable visual interpretation is employed to

map landslides from aerial orthophotos and various satellite images. In

contrast to traditional 2D data, some studies have attempted to achieve LIM

via 3D data. For instance, DEM derived from aerial photos and Advanced

Spaceborne Thermal Emission and Reflection Radiometer (ASTER) images in

(Kääb, 2002) and IKONOS stereo images in (Nichol et al., 2006) are exploited

for LIM. In addition to field reconnaissance and remote sensing technique,

(Kirschbaum et al., 2009; Kirschbaum et al., 2010) attempted to compile the

global LIM from mass media sources such as academic articles and online

news. However, there is room for improvement in the completeness of the

result due to the limited data sources.

As LIM is currently an intensive research topic, it is hard to make an

exhaustive review here. Related review articles can be found in (Guzzetti

et al., 1999; Van Westen et al., 2006; Joyce et al., 2009; Guzzetti et al., 2012;

Van Den Eeckhaut and Hervás, 2012; Corominas et al., 2014).

4.2.2 My Work

Numerous semi-automated or automated approaches have been devel-

oped for LIM over the past few years, as previously surveyed. However,

their applicability needs to be further verified in different applications, and

there is no single method and no single type of remote sensing data practical

enough for all types of LIM (Joyce et al., 2009). In addition, it is currently

still difficult to find an appropriate method that can be directly applied in
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rapid responses and emergency managements of natural hazards. Therefore,

there is a need to develop more reliable and automated LIM methods (Lacroix

et al., 2013).

For these reasons, in this section a semi-automated approach is proposed

for LIM from bitemporal aerial orthophotographs. Specifically, it consists

of two main steps: change detection-based thresholding (CDT) and level

set evolution (LSE). The former is mainly used to generate the initial zero-

level curve (ZLC) for the latter, thereby automating the proposed method

considerably. CDT includes three substeps: 1) generating difference image

(DI) using change vector analysis (CVA), 2) identifying landslide candidates

using a thresholding method, and 3) removing errors using morphology

operations. Then, landslide boundaries are extracted using two types of LSE,

namely, edge-based LSE (ELSE) and region-based LSE (RLSE). To the best

of my knowledge, it is the first time LSE is applied to LIM from bitemporal

aerial orthophotos.

4.2.3 Study Area and Data Description

The study area is located in the southwest of Lantau Island, Hong Kong

(Fig. 4.10). It features steep terrains, over 40% of which have slope gradient

greater than 25◦. Geologically, it is dominated by volcanic tuffs and lavas,

which form most peaks there (Owen and Shaw, 2007). The highest peak

inside the study area is located near the sub-area D and has a height of 490

m, whereas the lowest point is the sea level. There are two major land cover

types: developed land (i.e., farmland, reservoirs, temples, road networks,

and human settlements) and vegetation (i.e., woodlands, shrublands, and

grasslands). Vegetation can be further divided into three subclasses according

to the degree of density, i.e., dense, moderate, and sparse. Peaks are typically

grassy, whereas the lower slopes are covered with forests or shrubs. The

major landslides type here is debris flow, which is a combination of loose

materials (e.g., soil and rock), air, organic matter, and water that flows

downslope under gravity. It has been reported that landslides often occur in
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Fig. 4.10.: Study areas with five sub-areas A, B, C, D, and E on Lantau Island, Hong
Kong.

grasslands and shrublands (Dai and Lee, 2002; Zhou et al., 2002). In this

paper, landslides in the study area (∼ 40 km2) will be mapped. The spatial

size of the study area is 11843 × 13397 pixels. Five sub-areas A to E (Fig.

4.10) with different land cover types will be examined in detail.

The population growth in the study area has been exponential since the

completion of the Hong Kong International Airport in 1998. Due to the humid

subtropical climate, the average annual precipitation in this area is up to

2398.5 mm and the annual average number of thunderstorm days is 53. The

heavy rainfall often triggers large landslides, thus posing great threats to local

people’s lives. For efficient hazard prevention and mitigation, Geotechnical
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Table 4.5.: Flowchart and software used for the production of Hong Kong aerial
orthophotos.
Operations Software

Aerial triangulation Leica Photogrammetric Suite
DTM generation INPHO Match-T

DTM Editing INPHO OrthoMaster
Ortho-rectification INPHO OrthoMaster and OrthoVista
Seamlines editing INPHO Seam Editor

Mosaicking ERMapper and GeoExpress

Engineering Office, Hong Kong Civil Engineering and Development Depart-

ment has been devoted to investigating landslides systematically for more

than two decades. The LIM is primarily achieved by on-screen interpretation

of aerial orthophotos. However, it is a burdensome task to map landslides for

the whole Hong Kong. This study thus proposes a semi-automated approach

in an attempt to lighten the load of LIM to some extent.

An extreme rainstorm affected the whole Hong Kong on June 7, 2008. It

is reported that the total rainfall is 307.1 mm on that day and 1346.1 mm

in the entire month of June. The heavy rainfall triggered a large number

of shallow landslides and debris flows in Lantau Island. Five of the most

damaged subareas are studied, as indicated in Fig. 4.10. To obtain accurate

LIM, bitemporal RGB aerial photos with a spatial resolution of 0.5 m are used.

The pre- and post-landslide photos were acquired in December, 2005 and on

November 20, 2008, respectively. Photo distortions and topographic reliefs

have been rectified. As stressed in (Cheng et al., 2004; Guzzetti et al., 2012),

the preprocessing (e.g., ortho-rectification, co-registration, and radiometric

correction) of multitemporal remote sensing images plays a critical role

in obtaining accurate LIM. Thus, the generation of aerial orthophotos is

elaborated as follows. All related software used in this process is listed in

Table 4.5.

Hong Kong aerial orthophotos were produced from aerial photos taken

by Zeiss RMK TOP 15 Aerial Survey Camera System at a flying height of

approximately 2,400 m with calibrated focal length (153.382 mm), radial

distortion and offset distance of fiducial center, principal point of auto colli-
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mation and principal point of best symmetry. A single point reception of GPS

signal was applied to rough positioning. The GPS data was used to estimate

photo center coordinates and used as provisional data for aerial triangulation

(AT) block configuration and initial AT adjustment. Aerial photos in analogue

film were scanned with high precision photogrammetric scanner at resolution

12.5 µm×12.5 µm per pixel and output as digital aerial photos (DAPs). DAPs

were then input to a digital photogrammetric workstation installed with

Leica Photogrammetric Suite (LPS) for AT process in which inner orientation

and exterior orientation were applied for reconstruction of stereo-models

relating to ground system. About 1900 aerial photos, 670 control points, and

170 check points had been used for the generation of the orthophoto of the

whole Hong Kong. The relief displacement is removed using digital terrain

model (DTM), which was generated automatically by image matching in

INPHO Match-T and was enhanced by manual editing, including additions of

breaklines and spots on stereo-models. The edited DTM was then converted

to 2m grid intervals for ortho-rectification. Finally, the seamless and color-

balanced orthophoto mosaic with a nominal scale of 1:5000 was generated

from rectified single aerial photo using INPHO OrthoVista.

4.2.4 Methodology

To obtain reliable and accurate LIM from bitemporal aerial orthopho-

tographs, this chapter proposes a semi-automated approach. As shown in Fig.

4.11, it mainly consists of two steps. The first step is change detection-based

thresholding (CDT), including the generation of difference image (DI) using

change vector analysis (CVA), the detection of landslide candidates using

thresholding, and the removal of errors using morphology operations. The

second step is landslide boundary detection using two types of level set

evolution (LSE), i.e., edge-based LSE (ELSE) and region-based (RLSE). To

the best of my knowledge, this is the first time a LSE-based semi-automated

method is proposed to perform LIM from remotely sensed images. Each of
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Fig. 4.11.: Flowchart of the proposed LIM method. Bands 1 to 3 are Red, Green,
and Blue, respectively.

the steps is elaborated in the following subsections. An example is provided

in Fig. 4.12.

Change Detection-Based Thresholding

LSE has been a popular object extraction approach in computer vision

for many years. However, it often suffers from limitations in practical ap-

plications. For instance, it is highly dependent on human interactions. In

most cases, the initial contours need to be provided manually. This would

become impractical, in particular, when a large number of landslides need to

be mapped from large-scale remote sensing images. To automate its evolu-

tion, this chapter devises a particular approach, i.e., CDT, which is capable

of generating initial contours for LSE automatically. As mentioned before,

CDT is composed of three substeps, each of which is described in detail as

follows.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 4.12.: LIM results of the proposed methods in sub-area A. (a) and (b) Pre- and
post-landslide orthophotos. (c) The ground truth. (d) DI generated by
CVA. (e) Result of thresholding with α = 1.5 applied on DI. (f) Result of
morphology operations. (g)-(i) Results of ELSE: final zero-level curves
(ZLCs) in (g), zero-level set (ZLS) overlaid on the post-landslide image
in (h), and the final binary result in (i). (j)-(l) Results of RLSE: final
ZLCs in (j), ZLS overlaid on the post-landslide image in (k), and the final
binary result in (l).
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A. Difference image

DI is generally produced from two co-registered images acquired over

the same geographical position at different times, from which the change in-

formation (here, it is the landslide) can be detected easily (see Fig. 4.12(d)).

In the past decade, various methods have been developed for the gener-

ation of DI (Lu et al., 2004). Among them, CVA is one of the most pop-

ular methods (Xian et al., 2009; Bovolo et al., 2012). More specifically,

the magnitude of the change vector for a specific pixel X is defined as

ρ(X) =
√∑n

b=1(Xb,t1 −Xb,t2)2, in which Xt1 and Xt2 are pixel values ob-

tained at times t1 and t2, respectively, b is the band, and n is the total band

number. Usually, a greater value of ρ(X) indicates that the pixel X has

experienced big changes from t1 to t2. Thus, brighter pixels in DI normally

correspond to landslide candidates. However, due to the imprecise ortho-

rectification and inconsistent phenology states, it is inevitable that there are

many errors present in DI, as presented in Fig. 4.12(d). To obtain reliable

LIM results, further efforts are thus needed.

B. Thresholding

As previously mentioned, DI obtained by CVA is often corrupted by

errors. To further refine it, a threshold method presented in (Xian et al.,

2009) is employed in this chapter. Its principle is elaborated as follows.

To discriminate landslide candidates from false positives in DI, the mag-

nitude of the change vector of each pixel is compared with a given threshold.

If it is greater than or equal to the threshold, the pixel is labeled as a landslide

candidate; otherwise, it is labeled as a background pixel. Specifically, the

threshold method is formulated as

XDI =


landslide, if ρ(X) ≥ ρ+ α ∗ σ

background, otherwise
(4.15)

where XDI is the value of the pixel X in DI. ρ and σ are the mean and

standard deviation of ρ, respectively. α is a free parameter that often needs to

be tuned for different DIs. In (4.15), it is clear that if ρ(X) is greater than or
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(a) (b) (c) (d) (e)

Fig. 4.13.: Results of thresholding approach in (4.15) applied on DI with different
values of α. (a) to (e) α = 1.0, 1.5, 2.0, 2.5, and 3, respectively.

equal to the threshold (ρ+α ∗ σ), the pixel XDI will be labeled as a landslide

candidate; otherwise, it will be labeled as a background pixel. In this way,

the final landslide candidates can be obtained. As presented in Fig. 4.12(e),

landslide candidates dominate in DI after using the thresholding approach

(4.15) with α = 1.5.

It is clear that the free parameter α plays a critical role in thresholding

method in (4.15). Here, for better tuning of the value of α in practical appli-

cations, a comparative experiment is presented in Fig. 4.13. Thresholding

method in (4.15) with values of α ranging from 1.0 to 3.0 is applied to DI.

The final results are presented in Fig. 4.13(a) to (e), respectively. As can be

seen, with the increase of the value of α, false positives decrease obviously;

however, at the same time, parts of the landslide candidates are eliminated.

Thus, to obtain results with errors as few as possible, there is a compromise

between a greater value of α and the accuracy. In this example, the result

of thresholding (4.15) with α = 1.5 is chosen as the best performance (see

Fig. 4.13(b)). Based on this comparative experiment, α is fixed at 1.5 in

my experiments. In addition, this value can be a reference value when the

thresholding method is applied to other similar experiments.

C. Morphology operation

Despite the effectiveness of thresholding method in (4.15), its perfor-

mance can be further improved. As shown in Fig. 4.13(b), there are still

many false positives present inside and outside the landslide candidates. To
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improve the performance, two morphology operations (i.e., area opening

and hole filling) are successively implemented (Soille, 2003).

Area opening: This operation is employed to remove false positives

outside the landslide candidates, and it consists of three steps. The first step

is achieved by using connected component labeling. Assuming that W is a

binary image generated by CDT and SE is a structure element. Here, an

additional zero matrix X with the same size to W is employed to detect

connected components by iterating the following procedure:

Xk = (Xk−1 ⊕ SE) ∩W, k = 1, 2, 3, ..., n (4.16)

in which ⊕ is the dilation operator. X0 is the initial points in each connected

component. They are obtained by scanning W from top to bottom and from

left to right. SE is a 8-connectivity neighborhood structuring element (the

same below). n is the total iteration number. The iteration in (4.16) stops

when Xk = Xk−1, and the final X is the desired connected components.

Then, the area of each component is computed by counting the total pixel

number in each component. Finally, the components with areas smaller than

a predetermined threshold are removed. In my experiments, the threshold is

fixed 65.

Hole filling: To remove those holes inside landslide candidates, the

following morphological operation is employed (Soille, 2003):

H = E
(k)
I (f) (4.17)

where I is a gray scale version of the binary image W . E(k)
I (f) is the geodesic

erosion and it is defined as E(k)
I (f) = E

(1)
I [E(k−1)

I (f)] with E0
I (f) = f and

E
(1)
I (f) = (f	SE)∨I, in which 	 is the erosion operator, ∨ is the point-wise
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maximum operator, k is the iteration number, and f is a marker image with

the same size to image I and given as follows:

f(x, y) =


I(x, y), if (x, y) locates on the border of I

255, otherwise

H is finally determined when Ek
I (f) = Ek−1

I (f). As shown in Fig. 4.12(f),

false positives outside and inside landslide candidates are completely re-

moved by using two above two morphology operations. In this way, much

better result is obtained.

Landslide Boundary Detection

Using the aforementioned CDT, landslide candidates can be obtained

effectively, as shown in Fig. 4.12(f). However, further improvement can be

achieved. As can be seen, due to the presence of the road network (see Fig.

4.12(a) and (b)), landslides cannot be effectively identified. In fact, it can

only detect those brighter pixels in DI as it is essentially a threshold-based

method. Thus, when there are intensity variations inside landslide areas,

which are common in complex remote sensing images, CDT alone is not

enough to obtain the reliable result. To address this issue, LSE is employed to

further improve its performance. I would like to note that, to the best of my

knowledge, it is the first time LSE methods (3.18) and (3.21) are applied to

LIM. Hereafter, they are called as edge-based LSE (ELSE) and region-based

LSE (RLSE), respectively.

Overall, two semi-automated methods, i.e., CDT-based ELSE and CDT-

based RLSE, have been proposed in this section. In the following section, they

are applied to map landslides from the whole study area and five sub-areas

A to E (see Fig. 4.10) with different land cover types will be examined in

detail.
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4.2.5 Results

Experiment Setup

To corroborate the effectiveness and advantages of the proposed ap-

proaches, they are evaluated qualitatively and quantitatively. The param-

eter values used in the experiments are given as follows: α = 1.5, c0 = 1,

σ1 = σ2 = 1 for ELSE, σ = 1 for RLSE, the template size of Gaussian filter is

fixed at 9× 9, and time step ∆t = 8.

For qualitative evaluation, the proposed methods are applied to LIM in

the whole study area (see Fig. 4.10) with five sub-areas examined in detail.

Landslides there are characterized by different occurrence times, phenology

states, and illumination conditions, which often lead to serious spectral het-

erogeneity or intensity variations, thus posing great challenges to LIM. In this

chapter, spectral heterogeneity and intensity variation are interchangeable.

For quantitative evaluation, the mapped landslides are compared with the

ground truths, which were produced by human digitization, using three pop-

ular evaluation indices, i.e., Completeness = Pm/Pgt , Correctness = Pm/Pe,

and Quality = Pm/(Pe + Pumgt), where Pm is the total pixel number of the

mapped landslides that are matched with the ground truths, Pgt is the total

pixel number of the ground truths, Pe is the total pixel number of the mapped

landslides, and Pumgt is the total pixel number of the ground truths that are

unmatched with the mapped landslides.

Qualitative Evaluation

The whole study area

First, the proposed methods are applied to LIM in the whole study

area (see Fig. 4.10). Results have been presented in Fig. 4.14. Pre- and

post-landslide aerial orthophotos are shown in Fig. 4.14(a) and (b). The

ground truth is given in Fig. 4.14(c). As can be seen, landslides occurred in

different terrains with varied land cover types, e.g., woodlands, shrublands,
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and grasslands. Most landslides occurred in grasslands and shrublands.

Some landslides are covered by sparse grasses or shrubs, which make them

spectrally heterogeneous and sometimes blurry. Landslides differ from each

other in shape and size. There are thin, thick, long, short, or mixed landslides.

There are numerous outcrops of volcanic tuffs and lavas, which appear

spectrally similar to landslides, posing great challenges to LIM. In addition,

there are water bodies (i.e., South China Sea and reservoir), farmland areas,

human settlements, road networks, and temples around the landslides, which

often cause errors in multitemporal change detection. To obtain accurate

LIM, these land use types are thus fully masked out using digital topographic

maps in advance.

Fig. 4.14(d)-(f) present the results of CDT. As shown, CDT is very

sensitive to those relatively brighter pixels in DI (Fig. 4.14(d)) and thus

can identify landslide candidates effectively. However, it cannot obtain

accurate and smooth landslide boundaries and has difficulty in detecting

those spectrally heterogeneous landslides as it is essentially a threshold-based

method. By contrast, ELSE and RLSE perform clearly better. As previously

mentioned, the results of CDT are used as the initial ZLCs for ELSE and

RLSE, which can drive the ZLCs toward more accurate landslide boundaries.

As shown in Fig. 4.14(g)-(l), both ELSE and RLSE can obtain smoother

and more accurate results. In comparison to ELSE (see Fig. 4.14(g)-(i)),

RLSE can handle those blurry landslide boundaries well and more complete

landslides can be acquired, as presented in Fig. 4.14(j)-(l). Since RLSE takes

advantage of regional statistics (i.e., regional intensity means) rather than

the gradient information used in ELSE as the data term, it is more robust than

ELSE to spectral heterogeneity. Nevertheless, it also suffers from a limitation,

namely, it often results in over-detection of landslides (Fig. 4.14(j)-(l)). In

the following subsections, LIM at five sub-areas will be further examined.

Study area A

LIM results of the propose methods in sub-area A have been previously

presented in Fig. 4.12 for methodology description. Pre- and post-landslide
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 4.14.: LIM results of the proposed methods in the whole study area. (a) and
(b) Pre- and post-landslide images. (c) The ground truth. (d)-(f) Results
of CDT: DI in (d), result of thresholding in (e), and result of morphology
operations in (f). (g)-(i) Results of ELSE: the final ZLCs in (g), ZLS
overlaid on the post-landslide image in (h), and the final binary result
in (i). (j)-(l) Results of RLSE: final ZLCs in (j), ZLS overlaid on the
post-landslide image in (k), and the final binary result in (l).

aerial orthophotos are presented in Fig. 4.12(a) and (b), respectively. Fig.

4.12(c) shows the ground truth. As can be seen clearly, sub-area A is covered

with sparse woodlands and grasslands. Some landslides in woodlands are

not homogeneous as they are partly occluded by tall trees. By contrast,

4.2 Change Detection Based LSE and Its Application to Landslide Mapping 95



landslides in grasslands are relatively homogeneous as grasses are normally

not very high. Some parts of the road networks are damaged by landslides

and they appear spectrally similar to landslides. It can be observed from

Fig. 4.12(d)-(f) that CDT alone cannot obtain accurate LIM. Despite CVA

and morphology operations, it cannot handle road networks well and there

are gaps inside the landslides (see Fig. 4.12(f)). In addition, there has

been spectral heterogeneity caused by grasses or shrubs inside the landslides,

which leads to incomplete detection. By contrast, both ELSE and RLSE

perform better and more complete landslides are mapped, as can be seen

in Fig. 4.12(g)-(l). As previously mentioned, that is mainly because ELSE

and RLSE make further evolutions based on the results of CDT. Compared

with ELSE (Fig. 4.12(g)-(i)), RLSE can detect those blurry and elongated

landslide boundaries and thus more complete landslides can be mapped.

However, it sometimes also leads to over-detection of landslides. As can be

seen in Fig. 4.12(j)-(l), some nearby road networks are erroneously detected

as landslides.

Study area B

Fig. 4.15 demonstrates LIM results of the proposed methods in sub-area

B (see Fig. 4.10). Pre- and post-landslide images are shown in Fig. 4.15(a)

and (b). The ground truth is given in Fig. 4.15(c). Sub-area B is covered with

sparse shrublands and grasslands. Similar to the previous experiment, some

landslides in this example are also under shrubs or trees, which result in

spectral heterogeneity. CDT cannot handle it well. As shown in Fig. 4.15(d)-

(f), it only detects brighter parts of the landslides, thus leading to incomplete

detection of landslides. In contrast, LSE can achieve better performance.

Although both ELSE and RLSE cannot handle the landslides under the trees

well due to spectral heterogeneity, they can extract more landslides than CDT

(Fig. 4.15(g)-(l)). With the same initialization generated by CDT, RLSE (see

Fig. 4.15(j)-(l)) performs relatively better than ELSE (see Fig. 4.15(g)-(i)).

As can be seen, there are errors present in the final results of ELSE. That

is mainly due to the different phenology states and illumination conditions
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 4.15.: LIM results of the proposed methods in sub-area B. (a) and (b) Pre- and
post-landslide images. (c) The ground truth. (d)-(f) Results of CDT: DI
in (d), result of thresholding in (e), and result of morphology operations
in (f). (g)-(i) Results of ELSE: the final ZLCs in (g), ZLS overlaid on
the post-landslide image in (h), and the final binary result in (i). (j)-(l)
Results of RLSE: final ZLCs in (j), ZLS overlaid on the post-landslide
image in (k), and the final binary result in (l).

between pre- and post-landslide images. In addition, RLSE can drive the

ZLCs toward elongated landslides, thus extracting more complete landslides.

In this respect, ELSE is not as great as RLSE (Fig. 4.15(i) and (l)).

Study area C
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Fig. 4.16 presents LIM results of the proposed approaches in sub-area

C (see Fig. 4.10). Pre- and post-landslide images are shown in Fig. 4.16(a)

and (b). The ground truth is given in Fig. 4.16(c). As shown, sub-area C is

covered with sparse woodlands and dense grasslands. As with previous sub-

areas, some landslides in this example are partly occluded by surrounding

trees, and thus, they appear spectrally heterogeneous. In addition, there are

many outcrops of volcanic tuffs and lavas nearby and they appear spectrally

similar to landslides. Despite that, CDT can handle them well, as shown

in Fig. 4.16(d)-(f). However, it fails to extract those elongated landslides

due to the spectral heterogeneity. The similar performance can be found

in results of ELSE (Fig. 4.16(g)-(i)). That is because ELSE is sensitive to

intensity variations, namely, its ZLCs cannot evolve further when they arrive

at boundaries with greater gradient. In this regard, RLSE clearly outperforms

the other two competitors. As can be seen in Fig. 4.16(j)-(l), due to the

use of regional intensity means, it can drive ZLCs toward those elongated

landslides and handle those blurry boundaries effectively, thus obtaining

better results.

Study area D

LIM results of the proposed methods in sub-area D (see Fig. 4.10) are

presented in Fig. 4.17. The bitemporal aerial orthophotos are shown in Fig.

4.17(a) and (b). The ground truth is shown in Fig. 4.17(c). This sub-area

is covered with sparse shrublands and dense grasslands. Landslides in this

example have two specific characteristics: 1) they are surrounded by a large

number of spectrally similar outcrops of volcanic tuffs and lavas; 2) most

landslides are spectrally heterogeneous and their boundaries are not clear

enough. All these factors pose great challenges to CDT and ELSE. As present

in Fig. 4.17(d)-(f), CDT can deal with those spectrally similar outcrops

effectively by using CVA, but it cannot detect the landslides completely. As

mentioned before, it can only detect those relatively brighter landslides.

Similarly, as ELSE is essentially a gradient-based method, it has difficulty

extracting those spectrally heterogeneous landslides, as presented in Fig.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 4.16.: LIM results of the proposed methods in sub-area C. (a) and (b) Pre- and
post-landslide images. (c) The ground truth. (d)-(f) Results of CDT: DI
in (d), result of thresholding in (e), and result of morphology operations
in (f). (g)-(i) Results of ELSE: the final ZLCs in (g), ZLS overlaid on
the post-landslide image in (h), and the final binary result in (i). (j)-(l)
Results of RLSE: final ZLCs in (j), ZLS overlaid on the post-landslide
image in (k), and the final binary result in (l).

4.17(g)-(i). In addition, as CVA can detect all the change information,

including both landslides and non-landslides, from bitemporal aerial images,
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 4.17.: LIM results of the proposed methods in sub-area D. (a) and (b) Pre- and
post-landslide images. (c) The ground truth. (d)-(f) Results of CDT: DI
in (d), result of thresholding in (e), and result of morphology operations
in (f). (g)-(i) Results of ELSE: the final ZLCs in (g), ZLS overlaid on
the post-landslide image in (h), and the final binary result in (i). (j)-(l)
Results of RLSE: final ZLCs in (j), ZLS overlaid on the post-landslide
image in (k), and the final binary result in (l).

CDT and ELSE also erroneously extract some non-landslides as landslides.

In contrast, RLSE performs better. As demonstrated in Fig. 4.17(j)-(l), it

can handle those spectrally heterogeneous regions well and detect more

complete landslides than CDT and ELSE. Meanwhile, RLSE can eliminate

those non-landslides detected by CVA automatically. That is because it is

essentially a two-phase segmentation method, namely, it can only handle

bright or dark objects.
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(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

Fig. 4.18.: LIM results of the proposed methods in sub-area E. (a) and (b) Pre- and
post-landslide images. (c) The ground truth. (d)-(f) Results of CDT: DI
in (d), result of thresholding in (e), and result of morphology operations
in (f). (g)-(i) Results of ELSE: the final ZLCs in (g), ZLS overlaid on
the post-landslide image in (h), and the final binary result in (i). (j)-(l)
Results of RLSE: final ZLCs in (j), ZLS overlaid on the post-landslide
image in (k), and the final binary result in (l).

Study area E

The last experiment is presented in Fig. 4.18. The original bitemporal

aerial photographs in sub-area E (see Fig. 4.10) and ground truth are given in

Fig. 4.18(a)-(c), respectively. This sub-area is covered with dense woodlands

and sparse grasslands. Similar to sub-areas C and D, there are a large

number of exposed outcrops of volcanic tuffs and lavas around the landslides.

Also, as with the sub-area A in Fig. 4.12, landslides in this example also

destroy the nearby spectrally similar road network. In addition, parts of

the landslides are covered by dense trees. As can be seen in Fig. 4.18(d)-

(f), CDT cannot detect the relatively dark landslides and cannot handle the

road network well due to the inconsistent intensity. All these factors lead to
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Fig. 4.19.: Quantitative evaluation of the proposed methods in the whole study
area and five sub-areas A to E. (a) Completeness. (b) Correctness. (c)
Quality.

incomplete extraction of landslides. Similarly, ELSE has difficulty extracting

those heterogeneous landslides (see Fig. 4.18(g)-(i)). However, it can deal

with the road network well. In contrast to CDT and ELSE, RLSE can extract

landslides more completely, as presented in Fig. 4.18(j)-(l). However, it

erroneously extract the road network as landslides due to the similar spectral

signature.

Quantitative Result Evaluation

To verify the effectiveness of the proposed approaches, the extracted

landslides are compared with the ground truths by using three widely used

indices, i.e., Completeness, Correctness, and Quality. To corroborate the

advantages of the proposed methods, they are compared with the popular

CDT. The final quantitative evaluation results are presented in Fig. 4.19.

From the point of view of completeness, the proposed RLSE clearly

excels other two methods in the whole study area and all the five sub-areas,

as shown in Fig. 4.19(a). As can be seen, the performance of CDT is not

as great as that of ELSE and RLSE in all the experiments. However, CDT

plays an essential role in LSE. In this chapter, it is used to generate initial

ZLCs for LSE automatically. ZLCs are then evolved by ELSE and RLSE toward

desired landslide boundaries. That is why ELSE and RLSE can achieve better

performance than CDT. In addition, since RLSE employs regional intensity

means instead of gradient information used in ELSE as data term, it is

more robust than ELSE to intensity variations and is capable of extracting
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more complete landslides. As shown, with the same initialization, RLSE

outperforms ELSE significantly.

In terms of correctness, CDT excels ELSE slightly but is not as great as

RLSE in the whole study area. CDT and ELSE achieve similar performance in

all the five sub-areas. However, they perform better than RLSE in study areas

A, C, and E, as can be seen in Fig. 4.19(b). In particular, they clearly surpass

RLSE in study area A. On the contrary, RLSE excels other two competitors

in sub-area D overwhelmingly. That is mainly because CDT and ELSE also

extract those non-landslide objects that are detected by CVA. In this respect,

RLSE performs better. As mentioned before, RLSE is essentially a two-phase

segmentation method, and thus, it can remove those false positives effectively.

In addition, all the three approaches achieve similar performance in sub-area

B since landslide boundaries in this example are relatively clearer than those

in other sub-areas.

From the perspective of quality, RLSE clearly surpasses CDT and ELSE in

the whole study area and sub-areas B, C, D, and E, as demonstrated in Fig.

4.19(c). In particular, it is significantly better than other two competitors in

study area D. Also, it can be observed that ELSE is relatively better than CDT

in all the five sub-areas. Overall, the proposed methods, in particular, RLSE,

have shown competitive advantages over the conventional CDT throughout

the experiments.

4.2.6 Discussion

Parameter Analysis

To obtain reliable and accurate LIM, there are several key parameters

that need to be set for the implementation of the proposed methods. The

principal parameter values used in the study areas have been given in the

previous section. Results have shown that the same sets of parameter values

are effective in different sub-areas.
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First, in CVA (4.15), the parameter α plays a critical role in CDT and LSE.

Generally, using a greater value of α can constrain errors effectively; however,

a too large value of α may lead to the incomplete extraction of landslides.

As previously mentioned, there is thus a trade-off between a greater value

of α and the accuracy. In this chapter, α is fixed at 1.5 in all the study areas

according to the suggestion in (Xian et al., 2009).

Second, in morphology operations, the key parameter is the area thresh-

old in the third step of area opening. A comparatively small threshold can

ensure that small landslide candidates can be detected. However, the thresh-

old cannot be too small; otherwise, false positives will also be detected as

landslide candidates. In my study areas, the threshold is fixed at 65.

Then, for ELSE, as it is more sensitive than RLSE to image noise, it

often requires a denoising process to smooth the original image, which is

unnecessary for RLSE. Thus, there are two Gaussian filters in ELSE: one is

used to smooth the original image, and the other is employed to regularize

LSF. However, it has been noted in (Perona and Malik, 1990) that a larger

value of σ often leads to inaccurate object boundaries. Thus, I set σ1 = σ2 =

σ = 1 throughout the study areas.

Next, the template size is also important for Gaussian filtering. It is

known that Gaussian filter smooths images by averaging neighboring pixels.

Using a larger value of template size can make it averages more neighboring

pixels. However, the impacts of those farther pixels on the center pixel are

negligible in practical applications. Thus, the template size is fixed at 9× 9

in all the study areas.

Finally, another important parameter for LSE is the time step ∆t. Gen-

erally, a larger value of ∆t can speed up LSE; however, it may also result in

boundary leakage. Thus, for stable results, it is fixed at 8 throughout the

study areas.
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Uncertainty in LIM

Currently, it is still a challenging task to achieve LIM from remote sensing

images reliably. Although the proposed methods can obtain decent perfor-

mance, uncertainties in LIM still remain.

First, uncertainties mainly originate from the generation of orthophotos,

such as photo distortion correction, topographic relief correction, AT adjust-

ment, and ortho-rectification. Although a number of professional software

packages have been used(see Table 4.5), error propagation is still inevitable,

which thus degrades the accuracy of the final results. Second, the inconsistent

phenology states in the bitemporal images often cause numerous errors in

the result of CDT, which also degrade the performance of LSE. Third, there

are radiometric differences generally caused by different atmospheric and

illumination conditions between the pre- and post-landslide images. For

accurate LIM, relative radiometric normalization (RRN) is often applied to

reduce this type of difference. However, RRN often leads to inaccurate results

in real applications as it is prone to sharply reducing the magnitude of spec-

tral changes between the bitemporal images (Yang and Lo, 2002). Thus, it

should be used with caution. Finally, there are several key parameters in the

proposed methods that need to be tuned in different experiments. Generally,

using different parameter values will lead to different results. Thus, parame-

ter tuning of the proposed methods also brings uncertainties. At present, trial

and error would be the most effective way to obtain the optimal parameter

values in practical applications.

Comparison Between ELSE and RLSE

In this chapter, two types of LSE, i.e., ELSE (3.18) and RLSE (3.21),

are employed to improve the performance of the conventional CDT for LIM,

and their effectiveness and advantages have been corroborated by a series

of experiments. Traditionally, LSE is a kind of interactive segmentation

method, which often requires human interference. To automate the proposed

methods, the result of CDT is exploited as the initial ZLC of LSE. In addition,
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experiments also have shown that ELSE and RLSE have their own specific

advantages in different situations. For instance, in sub-areas A, C, and E,

ELSE performs better than RLSE in terms of correctness. However, RLSE

achieves better performance than ELSE in terms of completeness in all the five

sub-areas. Overall, the differences between ELSE and RLSE can be attributed

to their data terms. As mentioned before, to drive ZLCs toward desired

object boundaries, ELSE employs image gradient information, whereas RLSE

exploits regional statistics. Thus, they need to be selectively employed in

practical applications.

Future Work

Experiments have demonstrated that it is feasible to combine CD tech-

nique and LSE for LIM from bitemporal aerial orthophotos. Given the ef-

fectiveness and accuracy of the proposed methods, the future work can be

directed at the following directions. First, to further automate the proposed

methods, it would be interesting to estimate parameter values automatically

in different scenes. Second, in this chapter the proposed methods are just

applied to aerial orthophotos. To achieve better performance, attention can

be paid to integrating multiple types of remote sensing data. Finally, the pro-

posed methods are currently only applied to 2D LIM. It would be interesting

to further enhance it, enabling it to map landslides in 3D visualization.

4.2.7 Conclusion

This chapter has presented a semi-automated approach for landslide

inventory mapping (LIM) from bitemporal aerial orthorphotos. Specifically,

it consists of two principal steps: change detection-based thresholding (CDT)

and level set evolution (LSE). CDT has been widely used for LIM. However,

in this chapter it is mainly used to generate the initial zero-level curve (ZLC)

for LSE, thus automating LSE considerably. It is composed of three substeps:

change vector analysis (CVA), thresholding, and morphology operations.

Then, two types of LSE, namely, ELSE and RLSE, are used to extract the final
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landslide boundaries. To the best of my knowledge, it is the first time LSE is

applied to LIM from bitemporal aerial orthophotos.

Results of five sub-areas have corroborated the effectiveness and ad-

vantages of the proposed methods. Qualitative and quantitative evaluation

indicated that although there are inconsistent phenology states and different

illumination conditions between the pre- and post-landslide images, the pro-

posed methods outperform the conventional CDT clearly. In particular, RLSE

achieves the best performance in all the experiments. Nevertheless, it should

be noted that ELSE has difficulty in extracting landslides with relatively

blurry and elongated boundaries as it is essentially an edge-based method.

Although RLSE can handle these types of boundaries effectively, sometimes it

may pass through blurry boundaries, leading to over-detection of landslide

boundaries.
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5Enhanced Binary Markov

Random Field

„To raise new questions, new possibilities, to

regard old problems from a new angle,

requires creative imagination and marks

real advance in science.

— Albert Einstein

5.1 Introduction

In Chapter 3, two types of LSE methods, i.e., (3.18) and (3.21), have

been proposed and their effectiveness in anthropogenic object extraction

has been corroborated by a wide range of experiments. However, the initial

level curves of LSE methods often need to be given interactively, which in

some sense hinders their wide applications. To automate the proposed LSE

methods, a long straight line finder and a change detection technique were

employed in Chapter 4 to generate the initial level curves automatically. Then,

the automated LSE methods were then applied to extract airport runways

and landslides from remote sensing images.

Despite the effectiveness of the proposed LSE methods, they still suffer

from some limitations. For example, they generally can achieve favorable

performance in anthropogenic object extraction; however, they have difficulty

in extracting natural objects. In addition, they often perform better in extract-

ing objects with homogeneous intensities but cannot handle heterogeneous

objects well. All these limitations are mainly caused by the fact that LSE

methods only take advantage of intensity (or spectral) information.

To propose a more generic and reliable object extraction system, this

chapter attempts to take into account both spectral and spatial contextual
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information. To achieve this, I propose an enhanced binary Markov random

field (MRF).

5.2 Objectives of this Chapter
Inspired by previous pioneering works (Li and Singh, 2009; Szeliski et al.,

2008; Rother et al., 2004; Boykov and Jolly, 2001), this chapter presents an

enhanced binary MRF that combines the spectral and contextual information

of objects of interest more effectively. According to the previous overview,

the proposed method belongs to a statistical learning-based semi-automated

approach. Specifically, my research is presented as follows.

1) To extract objects of interest accurately, I make further development

of the previous seminal approaches, i.e., binary MRF (Li and Singh, 2009;

Szeliski et al., 2008), Grabcut (Rother et al., 2004), and interactive graph

cuts (Boykov and Jolly, 2001), in three aspects. First, I found that traditional

Gaussian mixture model (GMM) used in Grabcut (Rother et al., 2004) alone

is often inadequate to deal with those pixels that disobey the trained Gaussian

distributions, and thus, it often leads to inaccurate boundary extraction, as

presented in Fig. 5.3(c). To address this challenge, I introduce an additional

uniform component into it, thus making it more robust for spectral learning,

as shown in Fig. 5.3(e). This newer model is called mixture model (MM).

To my knowledge, it is the first time MM is employed for geographic object

extraction from remote sensing images. Then, for computational efficiency,

the parameters in MM are estimated by using tree-structured vector quantizer

(TSVQ) (Gersho and Gray, 1992) instead of the iterative process adopted

in Grabcut (Rother et al., 2004). Finally, I noticed that traditional binary

MRF (Li and Singh, 2009) often extracts other spectrally similar undesired

objects from a scene (see Fig. 5.2(b) and (e)), which impedes its wide

applications, in particular, for object extraction from large-scale remote

sensing images. To remove those errors effectively, I devise a morphology-

based post-processing mechanism, including connected components analysis

and hole filling. Overall, the combination of the three procedures finally leads
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to a considerable improvement of the previous methods. Experiments show

that the proposed approach can obtain more decent results than traditional

approaches such as binary MRF, Grabcut, and interactive graph cuts, and

level set methods.

2) The proposed interactive approach takes into account the spectral and

contextual information of objects of interest simultaneously. To corroborate

its advantages (e.g., generality, reliability, and applicability), it is applied

to a wide range of experiments and is compared with other state-of-the-art

methods in terms of accuracy, parameter tuning, and running time.

Experiments show that it is capable of extracting both anthropogenic

objects (e.g., road networks and buildings) and natural objects (e.g., trees,

burned areas, and water body) while providing high quality performance. In

this regard, it is more generic and practical than past approaches that are

primarily devoted to handling specific instances.

5.3 Methodology
This section describes the proposed object extraction approach in detail.

As shown in Fig. 5.1, it mainly consists of four steps: 1) input original images

and scribble training samples (also called seeds) interactively, 2) learn spec-

tral models from training samples using MMs, 3) extract object boundaries

using binary MRF that is minimized via st-mincut (Boykov and Kolmogorov,

2004), and 4) implement the morphology-based post-processing.

Before elaborating the proposed approach, an example of building ex-

traction is previewed in Fig. 5.2. The original image (i.e., building_1, see

Table 5.1 for more details) is shown in Fig. 5.2(a), in which there are 8 spec-

trally heterogeneous buildings with different sizes. The scribbled object and

background pixels are used as training samples for spectral learning. Here,

the training samples are collected using scribbles rather than the bounding

rectangle employed in (Rother et al., 2004). That is mainly because the

single rectangle initialization makes Grabcut difficult to handle multi-colored

objects simultaneously from remote sensing images, in particular, when the
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Input data
- Original images
- Human interaction
- Training pixels
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Fig. 5.1.: Flowchart of the proposed object extraction method. From left to right:
the original image building_2 (see Table 5.1) with the initial seeds
(white for objects and green for backgrounds), results of MM, MRF, and
morphology-based post-processing, respectively. In the second step, the
spectral information of the object and background training pixels is sepa-
rately clustered into 5 classes by using the tree-structured vector quantizer.
Color_i corresponds to the ith Gaussian component Gi, i = 1, ..., 5. All
the 5 Gaussian components comprise a GMM. GMM_1 and GMM_2 corre-
spond to object and background spectral models, respectively. Together
with the additional uniform component U, they constitute object and
background MMs, respectively.

(a) (b) (c)

(d) (e) (f)

Fig. 5.2.: Extracted results from building_1 by using Grabcut and the proposed
method. (a) Original image with 8 spectrally heterogeneous buildings
and initial seeds (red for objects and green for backgrounds). (b) Result
of Grabcut. (c) Result of the proposed approach in this chapter. (d)-(f)
The ground truth, the binary result of Grabcut, and the binary result of
the proposed method, respectively.

spatial distribution of the objects of interest is complex. Fig. 5.2(b)shows the

result of Grabcut (Rother et al., 2004). Fig. 5.2(c) demonstrates the result

of the proposed method. Fig. 5.2(d) to (f) present the ground truth, the

corresponding binary result of Grabcut, and the binary result of the proposed
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method, respectively. As shown clearly, Grabcut detects all the spectrally

similar objects (mainly the vehicles) from the scene, and there are many

holes present inside the final object regions. To obtain decent results, further

efforts are required. In contrast, the proposed method performs better. Be-

cause of the incorporation of MM and the morphology-based post-processing

technique, it overcomes all these challenges and obtains desirable results.

5.3.1 Mixture Model-Based Spectral Learning

As shown in Fig. 5.2(a), some object and background pixels are scribbled

as training samples, and they are labeled as 1 and 0, respectively. My aim is

then to label the rest of the pixels automatically using the spectral information

provided by the limited training samples. Intuitively, this can be achieved

by comparing the spectral similarities between unlabeled pixels and labeled

samples. The unlabeled pixels that are spectrally identical or similar to

the labeled object (or background) will be labeled as 1 (or 0) accordingly.

However, objects and backgrounds are often multi-colored that makes the

labeling computationally expensive and challenging. To overcome this issue,

a MM-based spectral learning technique is proposed. In general, it is more

generic and flexible than GMM in practical applications. Both GMM and MM

are elaborated in the following subsections.

Gaussian Mixture Model

A GMM is a weighted linear combination of M Gaussian components

and often defined as

p (x|Θ) =
M∑
i=1

ωig (x|µi,Σi) (5.1)

in which x ∈ Rd is the data vector (i.e., pixel RGB values), ωi are scalar

weights and
∑M
i=1 ωi = 1, and g (x|µi,Σi) is the ith Gaussian component:

g (x|µi,Σi) = 1√
(2π)d det Σi

exp
[
−1

2(x− µi)ᵀΣi
−1(x− µi)

]
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where µi and Σi are the mean and covariance, and Θ = {ωi,µi,Σi}, i =

1, ...,M is the collection of parameters.

To learn spectral models from labeled pixels, two GMMs need to be

trained: one for the object (i.e., GMM_1) and the other for the background

(i.e., GMM_2), as presented in Fig. 5.1. For each GMM, 5 Gaussian compo-

nents are typically used and each component represents a spectral (color)

class (see Fig. 5.1). Note that too many components may lead to overfit-

ting. In this study, the parameters of the two GMMs (i.e., ωi, µi and Σi) are

separately estimated using a hierarchical clustering algorithm called TSVQ

(Gersho and Gray, 1992). Its efficiency has been recommended in (Carlotto,

2005) and its principle is described as follows.

The basic idea behind TSVQ is that the original training samples (either

object or background) are viewed as a single cluster, which is further grouped

into M clusters (M = 5 in this study) and each cluster corresponds to a

Gaussian component. More specifically, the mean and covariance matrices of

the original cluster are first computed (Li et al., 2014c). Then, the eigenvalue

and eigenvector of the covariance matrix can be obtained. The eigenvector

corresponding to the greatest eigenvalue points in the direction of the greatest

cluster variation. The initial cluster is then split into two parts by a vector that

is perpendicular to that eigenvector while passing through the mean. Next,

the new mean and covariance matrices of the sub-clusters are computed.

The splitting repeats M -1 times until M Gaussian components are obtained.

In each final component, the pixels are assigned with the same label and

counted. Thus, the mean µi and covariance Σi of the ith component can be

readily obtained with their weights ωi in proportion to their pixel numbers.

In this way, GMM_1 and GMM_2 can be finally determined.

Once GMMs are obtained, the posterior probabilities of the unlabeled

pixels can be computed by using Bayes’ theorem:

p(O|Iu) = p(Iu|O)p(O)
p(Iu|O)p(O) + p(Iu|B)p(B) (5.2)
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where p(O|Iu) is the posterior probability that the unlabeled pixel Iu belongs

to the class of object O. p(Iu|O) is the likelihood of the object pixel. Here,

p(Iu|O) = GMM_1. Analogous notations are used for the class of background

B, and there are p(B|Iu) = 1 − p(O|Iu) and p(Iu|B) = GMM_2. p(O) and

p(B) are prior probabilities of the object and background, respectively, and

p(O) = p(B) = 1
2 .

Mixture Model

Despite the popularity, I found that GMM (5.1) suffers from limitations

in real applications. For instance, when the training samples are sparse,

the spectral information of some unlabeled pixels may disobey the learned

Gaussian components. In this case, their likelihood will approximately equal

zero, which may lead to random posterior probabilities. To make GMM (5.1)

more robust, I draw inspiration from the works in (Coretto and Hennig, 2010)

and (Myronenko and Song, 2010), and introduce an additional uniform

component into it. Thus, the new MM can be written as follows:

p(x|Θ) = (1− ε)G + εU[0, 1] (5.3)

where Θ is the parameter collection as defined in GMM (5.1). ε ∈ [0, 1]

is the weighting coefficient. G is the GMM defined in (5.1). U[0, 1] is the

uniform distribution used to catch those pixels that do not follow the trained

Gaussian distributions. It is clear that MM becomes GMM when ε = 0. Similar

to GMM, two MMs need to be trained: one for the object and the other for

the background. As can be seen in MM (5.3), when an unlabeled pixel is

not similar to both object and background training samples, its likelihood

approximately equals zero and its posterior probability belonging to object

or background would be approximately 1/2 rather than a random value. In

this way, MM (5.3) is more robust than traditional GMM (5.1).

A comparative experiment has been presented in Fig. 5.3 to verify the

significant advantage of MM (5.3). As shown in Fig. 5.3(c), a large number

of object pixels are erroneously labeled as backgrounds due to the inaccurate
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 5.3.: Comparison between Grabcut and the proposed approach for spectrally
heterogeneous building extraction. (a) Original image and training sam-
ples (white for objects and green for backgrounds). (b) The ground truth.
(c) and (d) Results of Grabcut, where the posterior probabilities of the
unlabeled pixels obtained using GMM (5.1) is shown in (c) and the final
result is presented in (d). (e) to (h) Results of my proposed method.
From left to right: posterior probabilities of the unlabeled pixels obtained
by using MM (5.3) (with ε = 0.05), result of the binary MRF, result of
connected components detection, and final result obtained by using hole
filling.

posterior probabilities of the unlabeled pixels computed by GMM. Although

the result can be improved by using the contextual information in Grabcut

(Rother et al., 2004) to some extent, it is still unsatisfactory, as shown in Fig.

5.3(d). In contrast, the use of MM (5.3) in this study results in a significant

improvement of spectral learning. The posterior probabilities of the unlabeled

pixels computed using MM (5.3) are much more accurate. As presented in

Fig. 5.3(e), even with a relatively small weight (i.e., ε = 0.05), the uniform

component can effectively catch those object pixels that do not follow the

trained Gaussian components. To my knowledge, it is the first time that MM

is applied to extract geographic objects from complex remote sensing images.

Unless otherwise specified, in this chapter I follow the idea in (Coretto and

Hennig, 2010) and fix ε = 0.05 throughout the experiments.
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Fig. 5.4.: Contextual constraints of the visual information.

5.3.2 Binary Markov Random Field

In the previous subsection, the posterior probabilities of the unlabeled

pixels are obtained using MM. However, the result needs to be further refined.

As shown in Fig. 5.3(e), the object boundary is far from the reality and

there are many errors present inside and outside the object region. In this

subsection, I employ the additional spatial contextual properties of the objects

to improve the performance.

Contextual Information

Contextual information has been widely used for characterizing the hier-

archical nature of the visual information (Li and Singh, 2009; Porway et al.,

2010) and capturing the relationships among neighboring pixels (Torralba,

2003). As presented in Fig. 5.4, it is very effective to model the contextually

correlated entities from image neighboring pixels to local features (e.g., lines

or regions). Its role becomes particularly important when traditional features

(e.g., color, shape, or texture) are inadequate to characterize the objects of in-

terest. In this regard, random field models (e.g., MRF and CRF) have proven

effective at representing the contextual information (Ladicky et al., 2014).

Similar to the work in (Khodadadzadeh et al., 2014), in this study MRF is

chosen to capture the contextual constraints of neighboring pixels. However,

unlike the high-level modeling in (Porway et al., 2010), I primarily focus
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on the low-level processing. Hereafter, the spatial smoothness, neighboring

relationship, and contextual constraint are synonymously used (Li and Singh,

2009).

Energy Function

Object extraction can be viewed as a binary pixel-labeling problem, i.e.,

1 for object and 0 for background (Boykov et al., 2001a). In this respect, it is

equivalent to an energy minimization problem with respect to the label set.

According to the posterior energy function of MRF (Li and Singh, 2009), it

can be formulated as (Szeliski et al., 2008):

E(L) = Ed(L) + λ · Es(L)

L̂ = argminLE(L)
(5.4)

in which L = (l1, l2, ..., ln) is the label set, li ∈ {0, 1} is the label of the ith

pixel Ii, and n is the total pixel number. L̂ is the label set that minimizes the

energy function E(L). Ed(L) and Es(L) are the data term and smoothness

term, respectively, and they are balanced by a weighting factor λ, which is

fixed at 50 according to the empirical value used in (Rother et al., 2004).

More specifically, the data term Ed(L) measures the discrepancy between

the label L and the learned spectral models (i.e., MMs), and it is typically

defined as

Ed(L) =
∑
i∈C1

φi(li) (5.5)

where C1 denotes the single-site clique. φi(li) is the clique potential of the

ith pixel Ii. Theoretically, each pixel should be assigned the optimal label

with the maximal probability. Thus, the data energy (5.5) is often defined as

the negative log-posterior probability of the unlabeled pixel Ii:

φi(li) =


− log (p(O|Ii)) , if li = 1

− log (p(B|Ii)) , if li = 0
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According to Bayes’ theorem, the posterior probability is proportional to the

likelihood times prior probability, and thus, (5.5) is commonly defined as

the negative log-likelihood of the unlabeled pixels in traditional studies such

as (Boykov and Jolly, 2001). However, posterior probability alone is often

inadequate to extract accurate object boundaries, as demonstrated in Fig.

5.3(c) and (e). It becomes even harder when objects of interest are immersed

in complicated background. It is therefore critical to consider using more

sophisticated contextual information for object extraction.

It is generally agreed that neighboring pixels often have the same labels

due to the spatial coherence and spectral similarity. This idea is also called

smoothness assumption that has proven to be capable of improving the

accuracy of image classification significantly (Schindler, 2012). Thus, the

smoothness term Es(L) in (5.4) can play a critical role in accurate object

boundary delineation, and it is defined as

Es(L) =
∑

(i,j)∈C2

φij(li, lj) (5.6)

where C2 denotes the pair-site clique, i.e., the 4-neighborhood system.

φij(li, lj) is the pair-site clique potential and typically defined as

φij(li, lj) = exp
(
−β(Ii − Ij)2

)
· δ(li, lj) (5.7)

with

δ(li, lj) =


0, if li = lj

1, if li 6= lj

and β = (2〈(Ii − Ij)2〉)−1, 〈·〉 is the expectation operator over the whole

image. β serves as a contrast adjuster, that is, when the contrast of the image

edge is very low (i.e., the value of (Ii − Ij) is very small), it becomes large;

otherwise, it tends to be small. φij(li, lj) in (5.7) characterizes the relation-

ships between the neighboring pixels Ii and Ij, and thus, it incorporates
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the contextual information naturally, which ensures that the final labels are

spatially smooth.

Energy Minimization

In this chapter, the minimization of the energy function (5.4) is achieved

via the popular st-mincut (Boykov and Kolmogorov, 2004).

Specifically, the image pixels and their 4-neighborhood links are for-

mulated as vertices V and edges E in a graph G = 〈V,E〉. Generally, some

additional vertices are often introduced into the graph to constitute a label

set. For instance, in binary labeling problem, two additional vertices are often

used as label sets, i.e., 1 for object and 0 for background, and they are called

source S and sink T , respectively. They represent the color distributions of

object and background. As previously elaborated, the spectral models of

object and background are learned from the scribbled training samples by

using MM (5.3).

In addition, each edge between the neighboring pixels has a weight that

measures the degree of similarity (see (5.7)). All the pixels also connect with

those additional vertices (i.e., S and T ) with the edge weights defined by the

probabilities that the pixels belong to the object or background (see (5.2)

and (5.5)). The greater the weights, the stronger the edges, as shown in the

third step in Fig. 5.1. Thus, there are two types of vertices in a st graph, i.e.,

image pixels and the additional vertices S and T . Meanwhile, there are two

types of edges, i.e., the edges among the neighboring pixels and the edges

connecting image pixels with the vertices S and T .

In a graph G = 〈V,E〉, a cut is defined as a partition that divides

the vertices V into two disjoint sets VO and VB = V \ VO. For object

extraction, it corresponds to those weak edges that connect object ver-

tices VO and background vertices VB. The partitions of these edges will

lead to the separation of the object from the background automatically.

These weak edges constitute a subset of edges and are called mincut due

to their minimal weight, as shown in the third step in Fig. 5.1. Thus,
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object extraction is essentially equivalent to finding the mincut. In this

study, the implementation of the mincut employs the algorithm proposed in

(Boykov and Kolmogorov, 2004). For more details, please visit the website

at http://vision.csd.uwo.ca/code/. In addition, the reader is referred to

the classical works in (Li and Singh, 2009) and (Szeliski et al., 2008), and

the helpful website at http://vision.middlebury.edu/MRF/ regarding the

binary MRF (5.4).

Due to the use of the contextual information to the MM-based posterior

probability, much better result can be obtained. As demonstrated in Fig.

5.3(f), in the example of building extraction, the surrounding errors are

filtered out effectively and finally the desired building dominates. However,

despite this, there is large room to improve its performance. As can be

seen, the binary MRF result still contains imperfections, e.g., the holes

inside the object regions and other undesired objects in the background. To

obtain better results, further efforts are required. In the next subsection, the

morphology-based post-processing is applied to improve the performance.

5.3.3 Morphology-Based Post-Processing

Morphological operation has proven effective at analyzing object shape

and structure (Soille, 2003). In the past few years, morphology-based meth-

ods have been widely used in image classification (Benediktsson et al., 2005;

Plaza et al., 2005; Tuia et al., 2009; Longbotham et al., 2012) and object

detection (Quackenbush, 2004; Akcay and Aksoy, 2008; Mongus et al., 2014).

Generally, there are two basic complementary operations: erosion and dila-

tion. The former shrinks object boundary, whereas the latter expands object

boundary. The degree of shrinking or expanding depends on the size and

shape of the structuring element (SE) used in the operation.

Let’s assume that I is a binary MRF labeled image (1 for objects and 0

for backgrounds). The erosion of I with SE is defined as

I 	 SE = {(x, y)|SE(x,y) ⊆ I} (5.8)
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in which 	 is the erosion operator, (x, y) is the pixel coordinate, and SE(x,y)

is the translation of SE with its origin at (x, y). In other words, the erosion of

I with SE is the set of (x, y) where SE is completely fit with I. The dilation

of I by SE is defined as

I ⊕ SE =
{

(x, y)|
(
ŜE(x,y) ∩ I

)
6= ∅

}
(5.9)

where ⊕ is the dilation operator. ŜE(x,y) is the reflection of SE(x,y) about its

origin at (x, y).

It can be seen that using erosion or dilation alone is inadequate to

obtain accurate object boundary. Thus, they are often combined with other

operations in practical applications. In this study, to remove those errors, two

operators are used successively, i.e., connected components analysis and hole

filling.

Connected Components Analysis

I use an array X0 with the same size as the binary image I to detect the

connected objects. X0 is a zero array except the points corresponding to the

scribbled object training pixels, which are initialized to 1. Then, connected

objects can be detected by implementing the following iterative procedure:

Xk = (Xk−1 ⊕ SE) ∩ I, k = 1, 2, 3, ..., n (5.10)

in which SE is a 8-neighborhood structuring element (the same below). k

is the total iteration number. The iteration stops when Xk = Xk−1, and the

final X is the desired result. By using connected components analysis (5.10),

spurious background pixels can be eliminated effectively, as shown in Fig.

5.3(g).

Hole Filling

To fill those undesirable holes inside object regions, I employ the hole

filling (4.17).
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As shown in Fig. 5.3(h), the holes inside the object region are completely

filled by using hole filling operation (4.17). Thus, much better result can be

obtained. However, it is worth mentioning that both connected components

analysis and hole filling are optional steps in the morphology-based post-

processing mechanism. That is mainly because they may sometimes also

eliminate those objects of interest.

5.3.4 Relation to Previous Methods

Essentially, Grabcut (Rother et al., 2004), developed from the influential

interactive graph cuts (Boykov and Jolly, 2001), stems from the binary MRF

(Li and Singh, 2009; Szeliski et al., 2008). Thus, it is a special case of MRF.

Similar to LSE methods (Caselles et al., 1997; Chan and Vese, 2001), and

(Li et al., 2010), they all are popular and far-reaching interactive object

extraction approaches in computer vision and image analysis. However, their

applications in remote sensing are very limited. In this study, I make a further

development of the original binary MRF (i.e., Grabcut) in several respects,

enabling it to be applied to complex images. In general, it has following

peculiar characteristics.

Comparison With Interactive Graph Cuts

Interactive graph cuts (Boykov and Jolly, 2001) is originally devoted

to dealing with gray level images, and it exploits gray level histogram to

discriminate object and background appearance. Thus, it cannot be used to

handle multispectral (color) images directly. It is reported in (Boykov and

Funka-Lea, 2006) that more accurate results can be obtained by employing

GMM. Following the suggestion, I go further and employ the more robust

MM (5.3) to learn the online spectral models from limited object and back-

ground training samples. In addition, to achieve high quality performance, I

introduce the morphology-based post-processing technique into my object

extraction procedure.
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Comparison With Grabcut

The main differences between Grabcut (Rother et al., 2004) and the

proposed method are threefold. First, to learn the online spectral models of

object and background, I employ MM (5.3) instead of the traditional GMM

(5.1). That is mainly because MM is more robust than GMM in real applica-

tions, which has been demonstrated in Fig. 5.3. Second, for computational

efficiency, the parameters in MM are determined using TSVQ rather than

the iterative process used in Grabcut. Third, the traditional binary MRF is

enhanced by incorporating morphological operations (i.e., connected com-

ponents analysis (5.10) and hole filling (4.17)). As shown in Fig. 5.2, the

proposed approach can remove those spectrally similar errors effectively and

obtain more decent results.

Comparison With Level Set Evolution

LSE can be mainly classified into two categories according to the im-

age information they used: edge-based and region-based. To drive level

curves toward object boundaries, the former often exploits image gradient

information, e.g., GAC (Caselles et al., 1997), DRLSE (Li et al., 2010), and

edge-based fast level set evolution (EFLSE) (Li et al., 2015); whereas the

latter employs image regional statistics, e.g., ACWE (Chan and Vese, 2001)

and region-based fast level set evolution (RFLSE) (Li et al., 2015). They have

proven efficient at extracting objects of interest from gray level images in

recent years. However, they suffer from limitations in practical applications:

1) They often just employ intensity information to evolve level curves without

considering spectral information, which limits their applications. 2) They do

not take advantage of contextual information, which often plays critical role

in extracting accurate object boundaries from complex remote sensing images.

3) They essentially belong to partial differential equation based methods,

namely, their iterations are highly dependent on time step and convergence

criteria. 4) They often have difficulty in handling heterogeneous objects.
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Table 5.1.: Dataset Description
Image Sensor Band SR (m) Size
Road_1 Aerial R-G-B 0.2 747 × 855
Road_2 Aerial R-G-B 0.2 2166 × 2838
Road_3 Aerial R-G-B 0.2 825 × 1741

Building_1 Aerial IR-R-G 0.08 1569 × 1153
Building_2 Aerial IR-R-G 0.08 1527 × 1252
Building_3 Aerial R-G-B 0.2 2304 × 2560

Tree Aerial IR-R-G 0.08 2184 × 1924
Burned area Landsat Bands 4/3/2 30 544 × 478
Water body Landsat Bands 3/2/1 30 1200 × 1603

By contrast, the proposed method overcomes all these limitations and can

handle multiple types of objects from complicated scenes effectively.

5.4 Experimental Results

5.4.1 Dataset and Experimental Setup

In this chapter, nine remote sensing images are employed to test the

proposed approach. The type of sensor, spectral band, spatial resolution

(SR), and size of the test data are detailed in Table 5.1. Road_1 is pub-

licly available at http://cvlab.epfl.ch/research/medical/lm. Road_2,

road_3, and building_3 are downloaded from Google Maps. Building_1,

building_2, and tree are ISPRS benchmarks that can be publicly downloaded

at http://www2.isprs.org/commissions/comm3/wg4/tests.html. Burned

area and water body are Landsat images.

To demonstrate the advantages of the proposed method, it is compared

with other three state-of-the-art approaches, i.e., Grabcut (Rother et al.,

2004), EFLSE (Li et al., 2015), and RFLSE (Li et al., 2015), qualitatively and

quantitatively. Here, it is worth mentioning that EFLSE and RFLSE are further

developments of the seminal GAC (Caselles et al., 1997) and ACWE (Chan

and Vese, 2001), respectively, and they are computationally more efficient

while achieving better performance (Li et al., 2015). In addition, although

the pioneering DRLSE (Li et al., 2010) made a significant improvement of
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Table 5.2.: Parameter values used for each test algorithm

Experiments EFLSE RFLSE Grabcut Proposed
Road_1 in Fig.
5.5

σ1 = 1.5, σ2 =
1.0, ∆t = 18,
and TS 9×9

σ = 1.5, ∆t =
15, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Road_2 in Fig.
5.6

σ1 = 1.0, σ2 =
1.0, ∆t = 15,
and TS 9×9

σ = 1.5, ∆t =
15, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Road_3 in Fig.
5.7

σ1 = 1.0, σ2 =
1.0, ∆t = 10,
and TS 9×9

σ = 1.0, ∆t =
15, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Building_1 in
Fig. 5.2 and
Fig. 5.8

σ1 = 1.0, σ2 =
1.0, ∆t = 10,
and TS 9×9

σ = 1.0, ∆t =
15, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Building_2 in
Fig. 5.9

σ1 = 1.5, σ2 =
1.0, ∆t = 5,
and TS 9×9

σ = 1.0, ∆t =
5, and TS 9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Building_3 in
Fig. 5.10

σ1 = 1.0, σ2 =
1.5, ∆t = 10,
and TS 9×9

σ = 1.5, ∆t =
10, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Tree in Fig.
5.11

σ1 = 1.0, σ2 =
1.0, ∆t = 5,
and TS 9×9

σ = 1.0, ∆t =
5, and TS 9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Burned area
in Fig. 5.12

σ1 = 1.5, σ2 =
1.0, ∆t = 10,
and TS 9×9

σ = 1.5, ∆t =
15, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

Water body in
Fig. 5.13

σ1 = 1.0, σ2 =
1.0, ∆t = 10,
and TS 9×9

σ = 1.5, ∆t =
15, and TS
9×9

K = 5,
γ = 50

M = 5,
ε = 0.05,
λ = 50

the classical GAC (Caselles et al., 1997) in terms of the re-initialization of

level set function, it is still computationally expensive compared with EFLSE

and RFLSE (Li et al., 2015). For the above reason, GAC, ACWE, and DRLSE

are not used as baselines in this chapter.

All the test algorithms are run under MATLAB R2013a on a Intel(R)

i7-3770 CPU with 16 GB RAM and 128 GB SSD. For public use, I will make

the source code publicly available. For fair comparison, all the test methods

use the similar initial seeds in each experiment. More precisely, the initial

seeds for EFLSE and RFLSE are initialized as closed curves in object regions,

whereas the initial seeds for Grabcut and the proposed approach are inter-
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actively scribbled with arbitrary shapes in both the object and background

regions. All the parameter values used in the experiments are provided in

Table 5.2. They are determined based on the values recommended in their

original studies. The template size (TS) of Gaussian filter in EFLSE and

RFLSE is fixed as 9×9. The GMM component number K in Grabcut and

MM component number M in the proposed approach are fixed as 5. The

weighting factors γ in Grabcut and λ in the proposed method are fixed as

50, and this value has proven capable of handling a wide variety of images

(Rother et al., 2004). Thus, Grabcut and the proposed approach employ the

same sets of parameter values throughout the experiments. For each test

approach, the best performance is obtained via trial and error. In addition,

as previously stated, the operation of hole filling may also eliminate desired

objects, and thus, it is an optional step in practical applications. That will be

further discussed in the experiments.

For qualitative evaluation, I apply all the test methods to extract five

different types of objects, including both anthropogenic (i.e., road networks

and buildings) and natural (i.e., trees, burned areas, and water body) objects.

Overall, the aim of the experiments is to verify the following advantages of

the proposed approach:

1) handling objects with weak boundaries (road_1), occlusions (road_2),

and bright-dark mixed intensities (road_3),

2) dealing with spectrally similar but spurious objects (building_1 and

tree),

3) extracting spectrally heterogeneous objects (building_2, tree, and

burned area),

4) extracting large numbers of objects with different spectral signatures

simultaneously (building_3),

5) handling objects with complicated and fine boundaries (tree, burned

area, and water body).

For quantitative evaluation, the extracted results are compared with the

ground truths that are produced by manual digitization. Three quantitative
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evaluation indices are used, i.e., Completeness = TPm/TPgt , Correctness =

TPm/TPe, and Quality = TPm/(TPe +TPumgt), where TPm is the total pixel

number of the extracted object that is matched with the ground truth, TPgt

is the total pixel number of the ground truth, TPe is the total pixel number

of the extracted object, and TPumgt is the total pixel number of the ground

truth that is unmatched with the extracted object. In addition, for efficiency

evaluation, I record the running time of each approach consumed in each

experiment. It is worth noting, however, that all the running times do not

include the parts consumed by human interaction.

5.4.2 Qualitative Evaluation

Experiment 1—Road Network Extraction

All the test methods, i.e., EFLSE (Li et al., 2015), RFLSE (Li et al., 2015),

Grabcut (Rother et al., 2004), and the proposed approach, are applied to

extract three types of road networks from aerial images road_1, road_2, and

road_3. Note that the hole filling (4.17) is not used in this example.

Fig. 5.5 presents the results of the test methods for bright road network

extraction from road_1. The aim of this experiment is to evidence that

the proposed approach has the advantage of handling objects with weak

boundaries.

More specifically, the original image, road_1, and the ground truth are

presented in Fig. 5.5(a) and (b), respectively. Row 2 shows the results of

EFLSE and RFLSE. The initial contours are given in Fig. 5.5(c), and, as

previously mentioned, they should be initialized as closed curves. For rapid

convergences of LSE methods, they are often put at road junctions. As we

can see in road_1, some road boundaries are shaded by surrounding trees,

and thus, they are very weak, which poses a big challenge to EFLSE. As

the evolution of EFLSE is dependent on image gradient, it is very sensitive

to weak boundaries and intensity variations and thus cannot extract the

complete road network, as shown in Fig. 5.5(d) and (e). Fig. 5.5(d) presents
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(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k) (l)

Fig. 5.5.: Results of EFLSE, RFLSE, Grabcut, and the proposed approach for bright
road network extraction from road_1. (a) Original image. (b) Ground
truth. (c) Initial seeds for LSE methods. (d) Result of EFLSE and the
corresponding binary result are presented in (e). (f) and (g) Results of
RFLSE. (h) Initial seeds for Grabcut and the proposed approach. (i) and
(j) Results of Grabcut. (k) and (l) Results of the proposed approach.

the final extracted road boundaries and the corresponding binary results

are displayed in Fig. 5.5(e). In all the experiments, the binary results are

primarily used for visualization and accuracy evaluation. In contrast, RFLSE

performs relatively better. As its evolution is driven by regional intensity

averages, it is insensitive to weak boundaries. Hence, it can extract more road

networks, as presented in Fig. 5.5(f) and (g). However, it also extracts the

nearby undesired short paths that are spectrally similar to the road network,

which leads to boundary leakages (see Fig. 5.5(g)). In this example, I note

that EFLSE and RFLSE are sensitive to parameter values. The use of a greater

time step ∆t can speed up the iteration of both EFLSE and RFLSE; however,

it may also result in unstable results such as boundary leakage. In addition,
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they are sensitive to the scale parameter σ. A small change in σ will cause a

tremendous difference in the final result. By contrast, the method is robust

to parameter values and the same set of values is used in all the experiments

(see Table 5.2).

Row 3 of Fig. 5.5 shows the results of Grabcut and the proposed method.

Initial seeds (red for objects and green for backgrounds) are given in Fig.

5.5(h). As shown in Fig. 5.5(i) and (j), Grabcut also cannot handle weak

boundaries well, and it only extracts parts of the road network. Meanwhile,

it also extracts the spectrally similar undesired objects because the traditional

GMM it used is inadequate to capture all the desired object pixels by using

limited training samples. By contrast, the proposed method performs better.

With the same initial seeds, it is able to extract the complete road network

while providing decent performance, as shown in Fig. 5.5(k) and (l). That is

mainly because my MM enhanced binary MRF can handle the weak boundary

effectively.

Fig. 5.6 shows the results of the test approaches for dark road network

extraction from road_2. This experiment aims to verify that the proposed

approach can handle occlusions caused by traffic lines and neighboring trees

well.

Similar to previous experiments, the original image, road_2, and the

ground truth are presented in Fig. 5.6(a) and (b), respectively. The initial

seeds are given in Fig. 5.6(c) and (h). As can be seen, some parts of the

road network are occluded by white traffic lines and surrounding dense

trees, which causes a large number of intensity variations and presents a big

challenge to EFLSE. As shown in Fig. 5.6(d) and (e), EFLSE fails to extract

the whole road network. It evolves from initial seeds and finally stops at the

wrong boundaries. Meanwhile, due to the intensity similarity, it also extracts

the surrounding trees in some areas, thus leading to boundary leakages. In

addition, the whole road network appears spectrally dark, which poses a

great challenge to RFLSE. As the evolution of RFLSE is driven by regional

intensity averages, it extracts all the dark objects around the road networks,
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(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k) (l)

Fig. 5.6.: Results of the test methods for dark road network extraction from road_2.
(a) Original image. (b) Ground truth. (c) and (h) Initial seeds. (d) and
(e) Results of EFLSE. (f) and (g) Results of RFLSE. (i) and (j) Results of
Grabcut. (k) and (l) Results of the proposed approach.

as presented in Fig. 5.6(f) and (g). Although the optimal weightings of

the regional forces in RFLSE can be determined via trial and error, it is

time-consuming and impractical in real applications.

Fig. 5.6(i) and (j) show the results of Grabcut. As can be seen, although

it can obtain almost the whole road network, it also extracts the nearby

spectrally similar spurious objects, which needs further processing. In contrast

to other three methods, the proposed approach performs better. Due to the

incorporation of MM and connected components analysis into the traditional

binary MRF, the proposed method can deal with the occlusions caused by
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(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k) (l)

Fig. 5.7.: Results of the test approaches for bright-dark mixed road network ex-
traction from road_3. (a) Original image. (b) Ground truth. (c) and (h)
Initial seeds for the test methods. (d) and (e) Result of EFLSE. (f) and (g)
Results of RFLSE. (i) and (j) Results of Grabcut. (k) and (l) Results of the
proposed approach.

traffic lines and surrounding trees effectively and finally extracts the whole

road network accurately, as demonstrated in Fig. 5.6(k) and (l).
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Fig. 5.7 shows how the proposed method can extract bright-dark mixed

road networks from road_3. The original image and ground truth are pre-

sented in Fig. 5.7(a) and (b). The initial seeds for the test approaches are

given in Fig. 5.7(c) and (h).

In this example, EFLSE performs very well. It almost extracts the whole

road network, examining Fig. 5.7(d) and (e). However, it also suffers from

a limitation. As shown clearly, it cannot merge the bright and dark road

networks naturally when there are no seeds initialized. This means that it

is sensitive to the positions of the initial contours. To obtain better results,

it requires a careful human interaction. With the same initialization, the

performance of RFLSE is not as great as that of EFLSE. As shown in Fig.

5.7(f) and (g), it can only extract the bright parts of the whole road network.

That is because RFLSE is essentially a two-phase segmentation method. This

means that it can only handle either bright objects or dark objects and cannot

handle both simultaneously.

Row 3 of Fig. 5.7 demonstrates the results of Grabcut and the proposed

method. As can be seen in Fig. 5.7(i) and (j), with the same initial seeds,

Grabcut cannot extract the whole road network, at the same time, it also

extracts the nearby spurious objects. To improve its performance, it may be

feasible to scribble more initial seeds and introduce further post-processing.

By contrast, the proposed method can obtain favorable results. As presented

in Fig. 5.7(k) and (l), it is capable of extracting the whole bright-dark mixed

road network while merging them naturally.

Experiment 2—Building Extraction

Here, I apply all the test methods to extract three types of buildings from

building_1, building_2, and building_3. Experiments show that the proposed

approach is capable of 1) handling spectrally similar spurious objects, 2)

extracting spectrally heterogeneous objects, and 3) extracting large numbers

of objects with different spectral characteristics simultaneously.
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(a) (b) (c) (d) (e)

Fig. 5.8.: Results of EFLSE and RFLSE for building extraction from building_1. (a)
Initial seeds. (b) and (c) Result of EFLSE. (d) and (e) Results of RFLSE.

The test image building_1 has been previously illustrated in Fig. 5.2

for visual comparison between the Grabcut (Rother et al., 2004) and the

proposed method. In that example, it has shown that Grabcut fails to remove

those undesired and spectrally similar objects, whereas the proposed method

can handle this efficiently due to the introduction of the morphology-based

post-processing mechanism. Here, I present the results of EFLSE and RFLSE

in Fig. 5.8. I initialize one seed on each building, as shown in Fig. 5.8(a).

EFLSE can extract most of the building boundaries accurately, as shown in

Fig. 5.8(b) and (c). However, it cannot handle the biggest building well.

That is because there are intensity variations present on the building that

lead to the incomplete extraction. In contrast, RFLSE performs poorly. As

presented in Fig. 5.8(d) and (e), it can only extract the bright buildings and

fail to extract the dark buildings. As previously stated, that is largely due to

the fact that RFLSE is essentially a two-phase segmentation method.

Fig. 5.9 shows how the proposed approach can extract complicated and

spectrally heterogeneous buildings from aerial image building_2. The original

image and ground truth are presented in Fig. 5.9(a) and (b), respectively.

The initial seeds are given in Fig. 5.9(c) and (h). As shown clearly, there are

totally 13 buildings in the original image. In contrast to the previous example,

the buildings in this experiment have different characteristics. First, they are

sloping rather than flat. Second, they are typical of irregular and complicated

boundaries instead of regular rectangles. Third, there are many intensity

variations caused by raised devices on the roofs, thus leading to the heavy

spectral heterogeneity. All these factors result in very high complexity of

building_2, thus posing great challenges to traditional approaches. As EFLSE
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(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k) (l)

Fig. 5.9.: Results of the test methods for building extraction from building_2. (a)
Original image. (b) Ground truth. (c) and (h) Initial seeds. (d) and
(e) Result of EFLSE. (f) and (g) Results of RFLSE. (i) and (j) Results of
Grabcut. (k) and (l) Results of the proposed approach.

is sensitive to intensity variations, it cannot extract the complete building

boundaries, as can be seen in Fig. 5.9(d) and (e). With the same initial seeds,

RFLSE can only extract the bright parts of the buildings, as presented in Fig.

5.9(f) and (g). In contrast, Grabcut can obtain better results. As shown in Fig.

5.9(i) and (j), it extracts more building boundaries. However, it also extracts

other spurious objects that are spectrally similar to the buildings, and it

cannot handle the holes present on the roofs. However, the proposed method

can handle all these challenges well. Despite the spectral heterogeneity, my

MM can learn the spectral models accurately. To remove those spurious

objects caused by shadows, the post-processing technique needs to be applied

here. As illustrated in Fig. 5.9(k) and (l), despite the high complexity of the

buildings, the proposed method can extract them accurately.

Fig. 5.10 shows how the proposed approach can deal with a large

number of buildings with different spectral signatures and geometric shapes

simultaneously. Fig. 5.10(a) and (b) illustrate the original aerial image,
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(h) (i) (j) (k)

Final result of morphological operations

(l)

Fig. 5.10.: Results of the test approaches for building extraction from building_3.
(a) Original image. (b) Ground truth. (c) and (h) Initial seeds. (d) and
(e) Result of EFLSE. (f) and (g) Results of RFLSE. (i) and (j) Results of
Grabcut. (k) and (l) Results of the proposed method.

building_3, and the corresponding ground truth. The initial seeds are given

in Fig. 5.10(c) and (h). Unlike previous experiments, the buildings here

mainly exhibit three different characteristics. First, the building quantity

in this example is very large. More precisely, there are totally 96 buildings

contained in the original image. Second, the spectral signatures of the

buildings appear highly diverse. Third, the buildings have different geometric

shapes. All these situations pose great threats to traditional feature-based

methods. However, the proposed approach can handle these challenges

efficiently.

Here, the initial seeds can be generated automatically by detecting

building corners. However, for robustness, in this chapter they are initialized

manually. As some building roofs are sloping, which cause intensity variations,
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EFLSE cannot extract them completely, as illustrated in Fig. 5.10(d) and (e).

In contrast, RFLSE can obtain more building boundaries, as presented in Fig.

5.10(f) and (g). However, it fails to extract those dark buildings. Results show

that 16 dark buildings are missing. Similar to previous experiments, Grabcut

can obtain favorable building boundaries but it also extracts the nearby

spurious objects, examining Fig. 5.10(i) and (j). By contrast, the proposed

approach significantly outperforms other three methods. As demonstrated in

Fig 5.10(k) and (l), all the buildings are extracted and decent performance is

obtained. However, it should be noted that the proposed method also suffers

from the limitation. As can be seen, both Grabcut and the proposed approach

have difficulty in dealing with those occlusions caused by surrounding trees,

thus leading to the incomplete extraction of some buildings.

Experiment 3—Tree Extraction

Generally, vegetation can be detected from multispectral images using

spectral index, e.g., NDVI = (IR-R)/(IR+R). However, spectral index alone

is inadequate to discriminate trees from nearby lawns or grasses. Here, Fig.

5.11 shows how the proposed method can extract the complex and fine tree

boundaries from an aerial image accurately while bypassing the spectrally

similar grasses and lawns effectively.

Fig. 5.11(a) and (b) present the original image and ground truth,

respectively. Initial seeds are presented in Fig. 5.11(c) and (h). To obtain

accurate tree boundaries, the spectrally similar lawns and grasses in some

places need to be scribbled as backgrounds (see Fig. 5.11(h)). Thus, the

undesired objects can be excluded efficiently. In this example, the trees have

two specific characteristics, i.e., 1) they have fine and complicated boundaries

and 2) they are typical of high intensity variations. Experiments show that

both EFLSE and RFLSE cannot extract the desired trees. In fact, EFLSE

stops after several iterations because it is sensitive to intensity variations,

and thus, it cannot extract trees accurately. In addition, boundary leakages

arise at some areas, examining Fig. 5.11(d) and (e). With the same initial
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(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k) (l)

Fig. 5.11.: Results of the test approaches for tree extraction. (a) Original image.
(b) Ground truth. (c) and (h) Initial seeds. (d) and (e) Result of EFLSE.
(f) and (g) Results of RFLSE. (i) and (j) Results of Grabcut. (k) and (l)
Results of the proposed approach.

seeds, RFLSE just extracts the nearby shadows instead of the desired trees,

as shown in Fig. 5.11(f) and (g). The performance would be better if both

EFLSE and RFLSE can take into account the texture information of trees.

In contrast, Grabcut can extract the tree boundaries accurately, as shown

in Fig. 5.11(i) and (j). However, as previous experiments, it also extracts

the nearby spectrally similar lawns and grasses, which leads to the incorrect

extraction. In comparison to Grabcut, the proposed approach performs better.

As presented in Fig. 5.11(k) and (l), although there are spectrally similar

lawns or grasses nearby, the proposed method can handle them well and

finally obtain favorable results.

Experiment 4—Burned Area Extraction

Burned area extraction from remote sensing images is essential for timely

and large-scale forest disaster analysis and other related investigations. Fig.

138 Chapter 5 Enhanced Binary Markov

Random Field



(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k)

Final result of morphological operations

(l)

Fig. 5.12.: Results of the test approaches for burned area extraction. (a) Original
image. (b) Ground truth. (c) and (h) Initial seeds. (d) and (e) Result of
EFLSE. (f) and (g) Results of RFLSE. (i) and (j) Result of Grabcut. (k)
and (l) Result of the proposed approach.

5.12 illustrates how the proposed method can extract the fine burned areas

from a Landsat satellite image.

The original image (shown with false color, i.e., bands 4, 3, and 2)

and ground truth are presented in Fig. 5.12(a) and (b), respectively. The

initial seeds are given in Fig. 5.12(c) and (h). As can be seen, there are

totally three burned areas in the original image. The two small burned

areas are spectrally homogeneous. That is why EFLSE can extract them

accurately (see Fig. 5.12(d) and (e)). However, the big one is comparatively

heterogeneous, which causes heavy intensity variations. That is why EFLSE

fails to extract it completely. As previously mentioned, RFLSE is a kind

of two-phase segmentation method, and thus, it only extracts part of the

big burned area and fails to extract the two bright and small burned areas,

examining Fig. 5.12(f) and (g). With the similar initial seeds, Grabcut can

extract the three burned areas accurately. However, as previous experiments,

it also extracts the spurious objects inside and outside the burned areas, as
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shown in Fig. 5.12(i) and (j). By contrast, the proposed method can obtain

the best performance. As demonstrated in Fig. 5.12(k) and (l), although the

tree boundaries are fine and complicated, the proposed approach can extract

them accurately, including the thin boundaries.

Experiment 5—Water Body Extraction

Water body extraction plays important role in shoreline change analysis.

Similar to the burned area, water body often has complicated and fine

boundaries. Thus, it is often hard to detect them accurately and automatically

in practice. This experiment shows how the proposed method can handle

this challenging task from a single Landsat image. Note that the proposed

approach can be readily extended to multitemporal change analysis.

Fig. 5.13(a) and (b) show the original image with true color (i.e., bands

3, 2, and 1) and the corresponding ground truth, respectively. Compared

with previous geospatial objects, water body often appears spectrally more

homogeneous. Thus, it is feasible to use a relatively small number of initial

seeds, as shown in Fig. 5.13(c) and (h). Due to the intensity homogeneity of

the water body, both EFLSE and RFLSE can obtain favorable results (see Fig.

5.13(d)-(g)). In comparison, the performance of Grabcut is comparatively

poor (see Fig. 5.13(i) and (j)). Due to the small number of initial scribbles,

the GMM in the Grabcut cannot be trained adequately, thus leading to

incomplete extraction of water body. By contrast, with the same initial

scribbles, the proposed approach can obtain decent result. As shown in Fig.

5.13(k) and (l), although the boundaries of the water body are complex and

fine, the proposed method can detect them accurately. However, it is worth

noting that the hole filling is not used in this example as it may remove those

small islands present in the middle of the water body.

5.4.3 Quantitative Evaluation

Here, the performance of the test approaches is quantitatively evaluated

by using four indices, i.e., Completeness, Correctness, Quality, and ratios
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(a) (b)

(c) (d) (e) (f) (g)

(h) (i) (j) (k) (l)

Fig. 5.13.: Results of the test approaches for water body extraction. (a) Original
image. (b) Ground truth. (c) and (h) Initial seeds. (d) and (e) Result of
EFLSE. (f) and (g) Results of RFLSE. (i) and (j) Results of Grabcut. (k)
and (l) Results of the proposed method.

of the running times. The quantitative results of the first three indices are

obtained by comparing the extracted results with the ground truths, and they

are presented in Fig. 5.14(a), (b), and (c), respectively. The ratios of the

running times are shown in Fig. 5.14(d).

From the perspective of the completeness, the proposed approach clearly

outperforms other three methods in all the experiments, as demonstrated in

Fig. 5.14(a). More specifically, the performance of Grabcut is not as great

as that of the proposed approach in all the experiments. Compared with

Grabcut and the proposed approach, both EFLSE and RFLSE have very poor

performance for tree and burned area extraction, and RFLSE cannot handle
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Fig. 5.14.: Quantitative evaluation results of the test approaches. (a) Completeness.
(b) Correctness. (c) Quality. (d) Ratios of the running times. Here,
road_1, building_1, tree, burned area, and water body are abbreviated
as R_1, B_1, T, B, and W, respectively. The similar notation is applied to
other test images.

the road_3 well. However, they can extract the water body satisfactorily.

In comparison to EFLSE, RFLSE performs better for object extraction from

road_1, road_2, building_3, tree, burned area, and water body. However,

EFLSE excels RFLSE in experiments of road_3, building_1, and building_2.

From the correctness point of view, in all the experiments, EFLSE sur-

passes other three approaches except the tree extraction. As shown in Fig.

5.14(b), the proposed method is comparable to EFLSE for burned area ex-

traction and is better than EFLSE for tree extraction. However, it is not as

great as EFLSE for other object extraction. In contrast to Grabcut, the pro-

posed method performs better in extracting road_2, building_1, building_2,

building_3, and tree. However, it performs slightly poorer than Grabcut

for road_1, road_3, burned area, and water body. In addition, in all the

experiments, RFLSE cannot extract the road_2 and tree boundary accurately

and its correctness is less than 50% and 40%, respectively.

Regarding the quality, the proposed approach overwhelmingly surpasses

other three competitors in all the experiments, as shown in Fig. 5.14(c).
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More specifically, EFLSE is comparable to the proposed method in extracting

road_1, road_2, road_3, and water body. However, it performs poorly for

building, tree and burned area extraction. Similarly, RFLSE also has poor

performance in all the experiments except the water body extraction. In

addition, the proposed approach is significantly better than Grabcut.

Finally, I compare the running times of the test methods consumed

in each experiment. The running time is the best time consumed by each

approach in each experiment. As presented in Fig. 5.14(d), the proposed

method is computationally much more efficient than other three baselines.

It is nearly 10 times faster than EFLSE and RFLSE, and 8 times faster than

Grabcut. In particular, in the experiment of road_2, the proposed method

is almost 80, 90, and 30 times faster than EFLSE, RFLSE, and Grabcut,

respectively. By contrast, the running time of EFLSE is comparable to that of

RFLSE in all the experiments.

5.5 Discussion

5.5.1 Sensitivity Analysis to Initialization

In this chapter, I found that Grabcut (Rother et al., 2004) is sensitive to

the user initialization. In fact, the rectangle initialization devised in Grabcut

is impractical in some applications, in particular, for object extraction from

complex remote sensing images. Here, I implement Grabcut using two

different types of initialization and the final results are presented in Fig. 5.15.

As shown, in each pair of the test images, left panel shows the initialization,

and right panel demonstrates the final result.

As in (Rother et al., 2004), a single rectangle initialization is used for

road network extraction from road_1; however, it finally fails, as shown in Fig.

5.15. Then, a tight-fitting initialization is drawn around the road network,

and finally better result is obtained. As can be seen, it is capable of extracting

most of the road network. For road_2, as it is difficult to draw a tight-fitting
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Fig. 5.15.: Sensitivity analysis of Grabcut to the initialization. In each pair of the
images, the left panel shows the initial contour and the right panel
presents the final result.

initialization for the road network, I only use the rectangle initialization.

Result shows that it can extract the desired road network except the part

that is occluded by neighboring trees. However, it also extracts the nearby
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spectrally similar building roofs and swimming pools. From the results of

road_3, there is no obvious difference observed between the two types of

initialization. Similar situations can be found in the results of burned area

and water body. As can be seen in building_1, compared with the tight-fitting

initialization, the rectangle initialization leads to extraction of a large number

of nearby spurious objects. Similar results can be found in building_2 and

tree. In building_3, it is shown clearly that a wider rectangle initialization

can extract more desired objects; however, it also extracts other undesired

objects nearby.

It can be concluded from the above experiments that Grabcut is sensitive

to the user initialization. Different user initialization often leads to different

results. Although the rectangle initialization of Grabcut is robust to handle

those objects that are often located at the center of the images such as burned

area and water body, it is inapplicable to deal with those objects that are

often big in quantity and dispersed in space in the image such as road_1,

building_2, building_3, and tree. By contrast, the proposed approach is

capable of handling multiple types of objects due to its flexible scribbles,

examining the previous experiments.

5.5.2 Parameter Analysis

As mentioned earlier, both EFLSE and RFLSE are sensitive to the scale

parameter σ and time step ∆t. Generally, they need to be tuned in different

experiments, examining Table 5.2. However, it is often difficult and time-

consuming to obtain the optimal values in practical applications. In addition,

although a greater time step ∆t can often speed up EFLSE and RFLSE, it may

also cause unstable result such as boundary leakage. By contrast, Grabcut

and the proposed approach are robust to parameter values, and the same

sets of values is used in all the experiments (see Table 5.2).

Specifically, in the proposed approach three key parameters, i.e., the

number of MM component M , the weighting factor λ, and the weighting

coefficient of the uniform component ε, need to be set before its implementa-
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tion. Like in (Rother et al., 2004), in this chapter I fix M = 5 (see Fig. 5.1).

It is feasible from the perspective of spectral signature. Generally, the object

of interest is characterized by one type of spectral signature such as the road

networks in road_1 and road_2, buildings in building_2, tree, burned area,

and water body. Although sometimes the desired object is multi-colored

such as the road network in road_3, buildings in building_1 and building_3,

experiments show that M = 5 is adequate to capture the spectral information

from their limited training samples. It is worth noting, however, that a greater

value of M may lead to overfitting, though it can improve the accuracy of

MM. The second parameter is the weighting factor λ that is used to balance

the date term and smoothness term in (5.4) and has been well studied in

(Rother et al., 2004). I follow the recommendation in (Rother et al., 2004)

and fix λ = 50 in all the experiments. The last parameter in this study is the

weighting coefficient ε of the uniform component in MM that is an enhanced

version of GMM. It is used to control the weight of the uniform component,

which is capable of capturing those pixels that do not follow the trained

GMM. This is inspired by the work in (Coretto and Hennig, 2010) and I

fix ε = 0.05 in the experiments. Although the three parameter values are

fixed in the experiments, it does not mean that other values cannot be used.

These values are hopefully useful for the parameter tuning of the proposed

approach when it is applied to other practical applications.

5.6 Conclusion
In this chapter, an interactive object extraction approach is proposed.

It can extract both anthropogenic (e.g., road networks and buildings) and

natural objects (e.g., trees, burned areas, and water body) from remote

sensing images. The proposed method is a further development of the existing

binary Markov random field (MRF). It has three appealing advantages. First,

a mixture model (MM) is proposed, which consists of both Gaussian and

uniform components and is more robust than the existing Gaussian mixture

model (GMM). Second, the parameters in MM are determined using a tree-
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structured vector quantizer (TSVQ) rather than the iterative process used

in Grabcut, which makes it computationally efficient. Third, it takes into

account the post-processing mechanism, which can further refine the results

of generated by the existing binary MRF. Experiments have shown that the

proposed approach clearly outperforms the Grabcut and the existing edge-

and region-based level set methods. In addition, it is faster than other three

methods.
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6Automation of the Enhanced

Markov Random Field

„You must do the things you think you cannot

do.

— Eleanor Roosevelt

In the previous chapter, the proposed enhanced MRF has been applied

to extract generic objects from remote sensing images. However, its initial-

ization requires human interactions. Thus, in this chapter, it is automated

by combining a multi-threshold change detection technique and it then is

applied to burned area mapping from pansharpened Landsat images.

6.1 Introduction of Burned Area Mapping
Wildfires often strike Western United States in dry, windy, and hot

seasons (between July and October) and cause tremendous economic losses

annually (Miller and Schlegel, 2006). It has been reported that the annual

average fire number is up to 5,600 and annual burned area is 172,000 acres

(approximately 696 km2) in California, U.S. (http://www.fire.ca.gov/).

Thus, burned area mapping is of critical importance for federal government

budget (Westerling et al., 2006). Also, biomass burning has been recognized

as one of the essential climate variables since 1990s by several influential

scientific communities (Crutzen and Andreae, 1990; Hollmann et al., 2013).

Numerous trace gases and aerosols are emitted by biomass burning each

year, leading to severe air pollution (Fraser et al., 2000; Tansey et al., 2004;

Plummer et al., 2006; Chang and Song, 2009), and a huge amount of carbon

stock is released to atmosphere, potentially affecting carbon balance and

climate change (Page et al., 2002; Cochrane, 2003; Tansey et al., 2004;

Plummer et al., 2006; Van Der Werf et al., 2008), which in turn increases

fire frequency and risk (Flannigan et al., 2005; Bond-Lamberty et al., 2007;
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Fig. 6.1.: Satellite-based burning products.

Littell et al., 2009; Bowman et al., 2009). Thus, burned area mapping is

crucial for carbon emission estimate (Schroeder et al., 2011) and climate-

related research (Westerling et al., 2006). Meanwhile, it plays important

roles in natural resource management (Davies et al., 2009; Stephens et al.,

2013) such as wildfire hazard mitigation and biodiversity conservation (Boer

et al., 2008), the understanding of the spatial and temporal patterns of fire

(Kasischke and Turetsky, 2006; Levin and Heimowitz, 2012), tracking the

vegetation regrowth in post-fire ecosystem (Kokaly et al., 2007; Kolden et al.,

2012), and soil erosion monitoring (Robichaud et al., 2007).

Currently, there have been a number of satellite-based biomass burning

products (Fig. 6.1), such as the Moderate Resolution Imaging Spectrora-

diometer (MODIS) 1 km active fire product (Giglio et al., 2003) and 500 m

burned area product (Roy et al., 2005; Roy et al., 2008; Giglio et al., 2009),

European Space Agency (ESA) GLOBSCAR 1 km burned area product de-

rived from Along Track Scanning Radiometer (ATSR)-2 data (Simon et al.,

2004), SPOT VEGETATION (VGT) 1 km burned area product (Tansey et al.,

2004; Tansey et al., 2008), National Oceanic and Atmospheric Administration-

Advanced Very High Resolution Radiometer (NOAA-AVHRR) 1 km active fire

product (Pu et al., 2007), MODIS-derived 0.5 ◦ (approximately 56 km) and

0.25 ◦ (approximately 28 km) Global Fire Emissions Database (GFED) (Werf

et al., 2010; Giglio et al., 2013), Visible Infrared Imaging Radiometer Suite

(VIIRS) 750 m and 375 m active fire products (Justice et al., 2013; Schroeder

et al., 2014b; Oliva and Schroeder, 2015), and Envisat-Medium Resolution

Imaging Spectrometer (MERIS) 300 m burned area product (Alonso-Canas

and Chuvieco, 2015). Recently, a 30 m regional burning product is produced
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by fusing Landsat data and MODIS active fire product (Boschetti et al., 2015).

It is by far the latest satellite-based burning product with the highest spatial

resolution. However, it is still challenging to handle those relatively smaller

fires (Giglio et al., 2009; Boschetti et al., 2015), which often leads to under-

estimate of burned extent (Giglio et al., 2003; Loboda et al., 2011; Padilla

et al., 2014; Padilla et al., 2015). Thus, for better carbon emission estimate

(Alencar et al., 2006), fire severity analysis (Keeley, 2009), and land cover

mapping (Petropoulos et al., 2012; Mouillot et al., 2014), there is a significant

demand for finer resolution biomass burning products.

6.1.1 Prior Work

In this paper, prior approaches for satellite-based burned area mapping

are roughly categorized into four major groups: reflectance change-based,

spectral index-based, multitemporal change detection-based, and image

classification-based. Related review can be found in Lentile et al. (2006) and

Boschetti et al. (2015).

Reflectance Change-Based Methods

Methods of this type often map burned areas by detecting thermal

anomalies from a single infrared band and they are mainly used for active fire

detection. Generally, there is a significant increase in the thermal radiance

of mid-infrared (MIR) channel after a fire (Giglio et al., 2003) due to the

dramatic reduction of vegetation moisture content (Veraverbeke et al., 2011).

Thus, MIR has been identified as the most useful band for fire detection in Li

et al. (2001). On the contrary, there is a significant decrease in the reflectance

of near infrared (NIR) channel in burned areas (Li et al., 2004) because of

the sharp decrease of green vegetation (Veraverbeke et al., 2011). Thus, NIR

has also been commonly used for fire mapping. In addition to MIR and NIR

bands, thermal infrared (TIR) is also effective for fire detection as there is

a increase in TIR value in burned areas (Eva and Lambin, 1998). In Justice

et al. (2002), brightness temperatures derived from MIR and TIR channels
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are employed for MODIS active fire detection. Similar idea can be found in

Zhang et al. (2012) for fire detection from geostationary satellites. However,

reflectance change-based methods suffer from limitations; for example, they

cannot obtain reliable results in cloudy weather and they may fail in cases

where the satellite may not overpass burned areas when fire occurs (Roy

et al., 2002).

Spectral Index-Based Methods

Green vegetation generally has strong reflectance in NIR region but

very low in visible region. However, burning often changes this spectral

reflectance pattern. Thus, spectral indices (i.e., mathematical combinations

of different bands) have been widely used for burned area mapping. For

instance, normalized difference vegetation index (NDVI) defined as NDV I =
NIR−Red
NIR+Red (Tucker, 1979) is used in Kasischke et al. (1993), Pereira (1999), and

Fraser et al. (2000). However, Pinty and Verstraete (1992) noted that NDVI

is sensitive to atmospheric effects and they proposed a global environment

monitoring index (GEMI). A modified version of GEMI can be found in

Barbosa et al. (1999) for burned area extraction from AVHRR data. Most

traditional vegetation indices comprise NIR and visible (i.e., Red) bands.

By integrating NIR with MIR, Kaufman, Remer, et al. (1994) proposed a

different index, i.e., V I3 = NIR−MIR
NIR+MIR

, which has been employed for burned

scar detection from AVHRR data in Roy (1999). In Trigg and Flasse (2001),

mid-infrared bispectral index (MIRBI) based on two MIR bands is proposed

for burned area detection. Despite their effectiveness, NDVI, GEMI, VI3,

and MIRBI are not always perfect for burned area identification. Thus, a

particular index named normalized burn ratio (NBR) is developed by Key,

Benson, et al. (2005): NBR = NIR−SWIR
NIR+SWIR

, where SWIR is the shortwave

infrared band. Its effectiveness has been verified in Brewer et al. (2005),

Loboda et al. (2007), and Pleniou and Koutsias (2013). In some practical

applications, spectral indices are often site-specific, namely, they perform

differently in different burned areas. For example, a comparison of 13
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different types of spectral indices for burned area discrimination in Smith

et al. (2007) found that MIRBI is the most effective method for savannah

burned area mapping. Similarly, MIRBI is found to be an excellent index for

Mediterranean burned area mapping (Bastarrika et al., 2011). However, in

Veraverbeke et al. (2011), an evaluation of 20 types of spectral indices for

southern California burned area discrimination has shown that 1) NIR, MIR,

and SWIR are the most useful bands, and 2) VI3 and NBR perform much

better than others. More recently, it has been reported that NBR-based indices

are not as great as other indices for burned area mapping in tussock tundra

(Loboda et al., 2013). In addition, spectral index-based approaches alone

usually cannot obtain accurate results. They are thus often combined with

other image segmentation methods. For example, in Stroppiana et al. (2012),

a series of spectral indices is integrated with a region growing algorithm for

burned area extraction from Landsat data.

Multitemporal Change Detection-Based Methods

As previously mentioned, burning often alters the spectral signature of

land surface. Thus, burned area mapping can be realized through change

detection from multitemporal (i.e., pre- and post-fire) satellite data. Roy

et al. (2002) map burned areas from MODIS data by detecting multitemporal

reflectance changes, in which the surface reflectance is calculated using bi-

directional reflectance distribution function. This method is later improved

and used for global burned area mapping in Roy et al. (2005) and Roy et al.

(2008). Change vector analysis is exploited for burned scar detection in

Kontoes et al. (2009). More recently, Goodwin and Collett (2014) combines a

time series change detection with a region growing approach to map burned

area from Landsat data. In a latest study, semantic change detection is

exploited to identify candidate burned areas (Boschetti et al., 2015). There

are also numerous methods that combine spectral index and change detection

technique (i.e., multitemporal spectral index analysis). Fraser et al. (2000)

employ multitemporal NDVI analysis to map burned area from AVHRR data
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in boreal forest. Multitemporal comparisons of NBR and burned area index

(BAI) in post-fire images are exploited to estimate burned land from MODIS

data in Latin America (Chuvieco et al., 2008). Giglio et al. (2009) also map

burned area from MODIS data by detecting multitemporal NBR. Six types of

spectral indices are employed to map wildfire in boreal forest from Landsat

time series data (Schroeder et al., 2011). More recently, GEMI index is

employed to map global burned area from MERIS time series data (Alonso-

Canas and Chuvieco, 2015).

Image Classification-Based Methods

Image classification technique is also common in satellite-based burned

area mapping. For forest fire hazard mapping in Spain, maximum-likelihood

classifier is employed to map vegetation from Landsat TM images (Chuvieco

and Congalton, 1989). Miller and Yool (2002) found that three-class ISO-

DATA unsupervised classification of Landsat data can produce more accurate

burned maps than manual delineation from aerial photos. Object-based

image classification, which allows the combination of spectral, textural, and

contextual information, is exploited for burned area mapping from Landsat

data in Mediterranean (Mitri and Gitas, 2004) and AVHRR data in Spain

(Gitas et al., 2004). Support vector machine (SVM) classifier is employed to

map burned areas from Landsat data in Greece (Petropoulos et al., 2011).

Artificial neural network (ANN) is devised for burned area mapping from

MODIS images in Mediterranean areas (Gómez and Martín, 2011).

Other Methods

There are also other methods proposed for specific applications. For

instance, Cahoon et al. (1992) employ night-time satellite imagery to map

the spatial and temporal patterns of Africa Savanna fires. In comparison to

optical sensing systems, active microwave sensor can penetrate cloud and

haze effectively. Thus, synthesis aperture radar (SAR) data is employed to

map burned areas in cloudy and rainy weather (Siegert et al., 2001). Spectral
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mixture analysis (Quintano et al., 2006) and spatial autocorrelation analysis

(Lanorte et al., 2013) are applied to map burned areas from satellite data.

Burned area mapping is realized by detecting changes of leaf area index

(Boer et al., 2008). Active fires derived from different satellite sensors (i.e.,

NOAA-AVHRR, MODIS, Geostationary Operational Environmental Satellite

(GOES)) are combined to map burned areas in Zhang et al. (2011). The U.S.

Monitoring Trends in Burn Severity (MTBS) project maps fires by on-screen

interpretation and delineation of differenced NBR (dNBR) images. However,

small burned areas and unburned islands are not available (Boschetti et al.,

2008; Boschetti et al., 2015).

6.1.2 My Work

In this paper, for the first time, 15 m burned area mapping is achieved

using Landsat 8 Operational Land Imager (OLI) (Fig. 6.1). First, the 30 m

bands 7, 5, and 4 are pansharpened by the 15 m PAN band 8 using a new

geostatistical method (Wang et al., 2015). A burn-sensitive spectral index,

i.e., NBR, is then used to identify the candidate burned areas. Next, the

training samples of burned and unburned areas are automatically generated

using an effective thresholding method. The final 15 m burning product is

obtained using the proposed enhanced MRF, which takes advantage of both

spectral and spatial contextual information of burned areas.

6.2 Study Areas and Dataset

There are thousands of fires that occur in Western U.S. each year. This

study primarily focuses on three wildfires occurred in California, U.S. recently.

They are Happy Camp fire, Rocky fire, and King fire, respectively (Fig. 6.2).

All the pre- and post-fire images are acquired from Landsat 8 OLI sensor via

USGS EarthExplorer. The bands 1-7 have 30 m spatial resolution, whereas the

band 8 is a 15 m PAN band. The pre-processing steps, including atmospheric

correction using Flaash algorithm (Gao et al., 2009), terrain correction, and
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Fig. 6.2.: Study sites and dataset. Happy Camp fire, Rocky fire, and King fire
occurred recently in California, U.S. are studied. They are enclosed by
rectangular frames with different colors. The post-fire images acquired
from Landsat 8 OLI sensor are displayed with composite bands 7, 5, and
4.

radiometric calibration, have been applied to all the dataset. The post-fire

images for the three study sites are presented in Fig. 6.2. They are displayed

with the composite bands 7, 5, and 4.

Happy Camp fire is located in Klamath National Forest at 41.774◦N,

122.577◦W, as shown in Fig. 6.2 (upper left). Vegetation in this area mainly

consists of ponderosa pines in the lower elevations and Douglas fir, subalpine

fir, and mixed conifer forest (including Jeffrey pine, red fir, white fir, and

incense cedar) in the higher elevations. The spatial size of this study site

is 2005 × 3197 pixels, nearly 5769 km2. The fire started on August 12,
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2014 and was extinguished on October 31, 2014, causing a 543 km2 burned

area, according to the official report. The study site falls in world reference

system-2 (WRS-2) boundary (path/row: 45/31). Pre- and post-fire images in

this area were acquired on June 29, 2014 and June 16, 2015, respectively.

Rocky fire is located in Lake County, California at 38.972◦N, 122.450◦W,

as presented in Fig. 6.2 (upper right). This area is covered mainly by loose

oaks and thick brush (including manzanita, deer brush, toyon, mountain

mahogany, and chaparral). The spatial size of this study site is 1840 × 1576

pixels, covering an area of approximately 2610 km2. The fire was ignited

on July 29, 2015 and contained on August 14, 2015, leading to a 281 km2

burned area. This site falls in WRS-2 path/row 45/33 boundary. Pre- and

post-fire images were acquired on July 18, 2015 and September 4, 2015,

respectively.

King fire is situated in Eldorado National Forest at 38.782◦N, 120.604◦W,

as presented in Fig. 6.2 (lower left). The forest vegetation mainly consists

of chaparral, conifer, fir, and subalpine trees. The spatial size of this area

is 2727 × 2439 pixels, nearly 5986 km2. The fire started on September 13,

2014 and was contained on October 9, 2014, resulting in a burned area

of approximately 395 km2. The study site falls in WRS-2 path/row 43/33

boundary. Pre- and post-fire images were acquired on September 3, 2014

and October 21, 2014, respectively.

In addition, the cropland in the study areas often causes errors because

of phenological variations before and after the burning. For reliable burned

area mapping, the cropland needs to be masked in advance. To achieve

this, the U.S. national 2014 cultivated layer released by U.S. Department

of Agriculture, National Agricultural Statistics Service is used. This layer is

geo-registered and has a 30 m spatial resolution. It is reprojected from Albers

conical equal area projection to Landsat 8 universal transverse mercator

(UTM) map projection. Thus, the errors caused by phenological changes of

cropland in these areas can be eliminated effectively.
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6.3 Methodology
The newly proposed 15 m burned area mapping method in this paper

consists of two principal steps (see Fig. 6.3). First, the 30 m multispectral

bands 7, 5, and 4 are pansharpened by the 15 m PAN band 8 using a

geostatistics-based image fusion method. Then, burned area mapping is

achieved from the pansharpened images using a thresholding-based Markov

random field (MRF).

6.3.1 Pansharpening

In this paper pansharpening is implemented using a geostatistical method

proposed by Wang et al. (2015). It is built on the area-to-point regression

kriging (ATPRK), which consists of two steps: regression and area-to-point

kriging (ATPK).

Regression

The regression step aims to make full use of the valuable fine spatial

resolution textual information in the PAN band. For each coarse band, the

output is a linear transformation of the PAN band. The coefficients are

determined according to the relationship between each coarse band and the

PAN band.

Let Z and x be the random variables and coordinates of pixels. First, the

15 m fine spatial resolution PAN band ZF is upscaled to a 30 m coarse band

ZC to match the spatial resolution of the coarse bands 4, 5, and 7, namely,

ZC(x) = hC(x) ∗ ZF (x), in which hC(x) is the point spread function (PSF) for

the PAN band and ∗ is the convolution operator.

Then, the relationship between the 30 m ZC and each 30 m band l (l =4,

5, and 7) is modeled by linear regression, namely, Z l
C(x) = alZC(x)+bl+R(x),

in which R(x) is a residual term. The coefficients al and bl for band l can

be estimated using ordinary least squares. The relation between the 30 m

ZC and 30 m OLI band is assumed to be the same as that at 15 m spatial
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Fig. 6.3.: Flowchart of the proposed 15 m burned area mapping method.

resolution. Thus, the regression prediction at a specific location x0 at fine

spatial resolution is calculated as

Ẑ l
F1(x0) = alZF (x0) + bl (6.1)
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ATPK-Based Residual Downscaling

The regression predictions in Eq. (6.1) cannot preserve the original 30

m spectral information, and thus there exist residuals. The coarse residual in

band l, denoted as Z l
C2(x), is Z l

C2(x) = R(x) = Z l
C(x)− [alZC(x) + bl]. ATPK

is used to downscale the 30 m residuals to 15 m and it is performed as a

complement to the regression step to honor the spectral properties of the 30

m data. Specifically, the 15 m residual at a specific location x0, Ẑ l
F2(x0), is

calculated as

Ẑ l
F2(x0) =

N∑
i=1

λiZ
l
C2(xi), s.t.

N∑
i=1

λi = 1 (6.2)

where λi is the weight of the ith coarse residual centered at xi and N is

the number of coarse observations used in the prediction, such as the N =

5 × 5 window of coarse pixels surrounding the fine pixel. The weights

{λi, ..., λN} are calculated by minimizing the prediction error variance and

the corresponding kriging system can be found in Wang et al. (2015). Based

on ATPRK, the 15 m predictions at a specific location x0 for band l is calculated

as

Ẑ l
F (x) = Ẑ l

F1(x) + Ẑ l
F2(x) (6.3)

An appealing advantage of ATPRK is its coherence property, that is, it

can perfectly preserve the spectral properties of the observed coarse data.

This has been demonstrated both theoretically and experimentally in Wang

et al. (2015).

6.3.2 Burned Area Mapping

Burned area mapping is achieved using a thresholding-based Markov

random field (MRF). MRF has proven effective at characterizing the spectral

and spatial contextual information of image pixels (Liu et al., 2008; Szeliski

et al., 2008). Generally, the training samples of MRF need to be provided
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by user interaction, which, however, would be labor-intensive and even im-

practical for large-scale remote sensing image analysis. To automate burned

area mapping, in this paper the training samples of MRF are automatically

generated from dNBR images using an effective thresholding technique. The

following subsections will elaborate the automatic generation of training

samples and MRF-based burned area mapping.

Identification of Candidate Burned Areas

Fires often change the spectral signature of vegetation. Thus, burned

areas can be identified using spectral indices. For example, dNBR has been

applied to map burned areas by MTBS (Eidenshink et al., 2007). It is defined

as

dNBR = NBRpre−fire −NBRpost−fire (6.4)

It is also used in this paper because of its promising performance in an

evaluation of spectral indices for burn discrimination (Veraverbeke et al.,

2011). As mentioned previously, NBR is a vegetation index concerning NIR

and SWIR bands. For Landsat 8 OLI data, it is computed from Band5−Band7
Band5+Band7

and it takes on any values between [−1, 1]. The final dNBR can thus be

obtained by differencing NBRs derived from pre- and post-fire images, and

it takes on any values between [−2, 2]. Brighter pixels in the dNBR image

generally represent candidate burned areas, whereas darker pixels represent

unburned areas.

Note that dNBR alone cannot produce reliable burning products. Vi-

sual interpretation is thus often required, such as the MTBS fire products

(Eidenshink et al., 2007). Although visual interpretation can guarantee the

reliability of the results, it is usually labor-intensive and time-consuming, in

particular, when there are a large number of unburned islands inside the fire

site. Thus, this study attempts to propose a more automated burned area

mapping approach.
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Elimination of False Candidates

Although candidate burned areas can be effectively identified using

dNBR, there are errors present in the dNBR images. Generally, there are

three major types of error sources posing challenges to time series analysis of

Landsat spectral index: 1) water level fluctuations of inland lakes or rivers,

2) phenological variations of vegetation (in particular cropland), and 3)

different solar illumination conditions in pre- and post-fire images.

This study uses NDVI to eliminate errors caused by water level fluctua-

tions. That is mainly because the NDVI value of water body is generally below

zero, whereas that of burned area is greater than zero. For Landsat 8 OLI

data, NDVI is computed from Band5−Band4
Band5+Band4 . For errors caused by phenological

variations of cropland, they are masked out using the U.S. national 2014

cultivated layer, as previously mentioned. The pre- and post-fire images used

for each study site are acquired in the same season, which ensures that the

spectral signatures of vegetation are approximately consistent. To guarantee

the similar solar illumination conditions, all the pre- and post-fire images for

each study site are acquired from the same WRS-2 path/row coordinate and

only the cloud-free images are used.

Automatic Generation of the Training Samples

Although candidate burned areas can be obtained from dNBR images,

their boundaries are not accurate enough and need to be further determined.

Due to the intensity variations inside burned areas, fire perimeters cannot be

accurately identified using the simple thresholding techniques. To address

this issue, this paper proposes an integrated approach. First, the training

samples are automatically generated by identifying the most likely burned

and unburned areas from dNBR images using an effective thresholding

approach (Roy, 1999; Chuvieco et al., 2002). Then, the remaining uncertain

parts are estimated using MRF.

As previously mentioned, the brightest and darkest pixels in dNBR

images characterize the burned and unburned areas, respectively. Thus,
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the training samples of burned and unburned areas can be generated using

the following effective thresholding technique (Roy, 1999; Chuvieco et al.,

2002):

dNBR =



burned area, if IdNBR ≥ µ+ (T + ∆T ) ∗ σ

uncertain area, if µ+ (T + ∆T ) ∗ σ > IdNBR > µ+ T ∗ σ

unburned area, if IdNBR ≤ µ+ T ∗ σ

(6.5)

in which IdNBR is the intensity value of the dNBR, T ∈ Z+ and ∆T ∈ R+

are free parameters, µ and σ are the mean and standard deviation of the

dNBR image, respectively. Clearly, the pixels with intensity values less than or

equal to (µ+ T ∗ σ) are regarded as unburned areas; whereas those greater

than or equal to [µ+ (T + ∆T ) ∗ σ] are considered to be burned areas. The

pixels with intensity values falling into this interval are regarded as uncertain

areas, which are estimated using the enhanced MRF proposed in the previous

chapter.

6.4 Results

The 15 m burning products of the three wildfires, i.e., Happy Camp fire,

Rocky fire, and King fire (Fig. 6.2), are generated using the proposed method

(Fig. 6.3). The advantages of the proposed method are corroborated by

visual and quantitative evaluation. For visual evaluation, the 15 m burning

products are compared with the 30 m products, which are produced from the

original Landsat 8 OLI images by my proposed method without implementing

the pansharpening. In each study area, the training samples for both 15 m

and 30 m burning products are generated using the thresholding method in

Eq. (6.5) with the same parameters. For quantitative evaluation, both the 30

m and 15 m burning products are compared with the manually delineated

reference burning maps.
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Fig. 6.4.: Burning products of Happy Camp fire. (a) and (b) 15 m pre- and post-
fire images obtained by pansharpening. (c) 15 m dNBR with cropland
masked. (d) Object (red) and background (green) training samples (black
for uncertain areas). (e) 15 m burning product obtained by MRF. (f)
The superposition of the 15 m (red) and 30 m (white) products with
two sub-areas (A and B) highlighted. (g) and (h) The original 30 m
and the pansharpened 15 m post-fire images in sub-area A, respectively.
(i) Burning products in sub-areas A. (j) and (k) The original 30 m and
the pansharpened 15 m post-fire images in sub-area B, respectively. (l)
Burning products in sub-areas B.

6.4.1 Visual Evaluation

Happy Camp fire

The 15 m Happy Camp fire product is presented in Fig. 6.4. First, the

original 30 m bands 7, 5, and 4 are pansharpened by the 15 m PAN band 8
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(a) (b) (c)

(d) (e) (f)

Fig. 6.4.: (continued).
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using ATPRK. The pansharpened 15 m pre- and post-fire images are shown in

Fig. 6.4(a) and (b). Then, dNBR with cropland masked is obtained by taking

the difference between the pre- and post-fire NBRs (Fig. 6.4(c)). As can be

seen in dNBR, burned areas are generally characterized by brighter pixels,

whereas unburned areas are represented by darker pixels. The training

samples of the burned and unburned areas are then generated from dNBR

using the thresholding method in Eq. (6.5). In this study area, T = 1.5 and

∆T = 0.5 are used for both 15 m and 30 m burning products. The results

are demonstrated in Fig. 6.4(d), in which red and green denote object and

background training samples, whereas black denotes uncertain areas. The

uncertain areas are further determined using MRF, as shown in Fig. 6.4(e).

For visual comparison, the 15 m burning product (red) is superimposed on

the 30 m product (white), as presented in Fig. 6.4(f). Note that the 30 m

product is upsampled to 15 m product using cubic interpolation. Two sub-

areas indicated by A and B are examined in detail in Fig. 6.4(i) and (l). For

better comparisons, the original 30 m and the pansharpened 15 m post-fire

images in sub-areas A are presented in Fig. 6.4(g) and (h), respectively.

The similar results in sub-area B are given in Fig. 6.4(j) and (k). As can

be clearly seen, in contrast to the jagged boundaries in the original 30 m

post-fire image, much finer and smoother fire perimeters can be provided

by the pansharpened 15 m image. In addition, the unburned islands inside

the burned areas in the 15 m image are much clearer than those in the 30 m

image. Overall, the 15 m burning product has the following three significant

advantages over the 30 m product. First, it can provide much smoother fire

perimeters. Second, it can detect the finer fire perimeters, thus mapping

burned areas more accurately. Third, it can identify the smaller unburned

islands inside the burned areas, thereby providing more complete results.

The advantages of the 15 m product will be further corroborated in the other

two study areas.
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Rocky fire

Fig. 6.5 demonstrates the 15 m Rocky fire product. The pansharpened

15 m pre- and post-fire images are shown in Fig. 6.5(a) and (b). Fig. 6.5(c)

presents the dNBR with the water bodies and cropland masked. The training

samples in this study area are generated using Eq. (6.5) with T = 2 and

∆T = 0.5 and the thresholding result is illustrated in Fig. 6.5(d). As with

the previous experiment, red and green denote the burned and unburned

areas, whereas black denotes the uncertain areas. The final 15 m burning

product generated by MRF is presented in Fig. 6.5(e). For visual evaluation,

the 15 m product (red) is superimposed on the 30 m product (white), which

is upsampled to 15 m resolution, as shown in Fig. 6.5(f). Two sub-areas

highlighted by A and B in Fig. 6.5(f) are further examined in Fig. 6.5(i)

and (l). At the same time, the original 30 m and the pansharpened 15

m post-fire images in sub-area A are demonstrated in Fig. 6.5(g) and (h)

for clearer comparisons. The similar results in sub-area B are illustrated in

Fig. 6.5(j) and (k). As shown, the 15 m product can identify the finer fire

boundaries and detect unburned islands inside the burned areas effectively

while obtaining much smoother fire perimeters. In all these respects, the 15

m product clearly outperforms the 30 m product.

King fire

The 15 m burning product of King fire is illustrated in Fig. 6.6. The

pansharpened 15 m pre- and post-fire images are presented in Fig. 6.6(a)

and (b). Fig. 6.6(c) shows the dNBR with the water bodies and cropland

masked. The training samples in this fire are generated by Eq. (6.5) with

T = 2.5 and ∆T = 0.5, as shown in Fig. 6.6(d). The final 15 m burning

product is presented in Fig. 6.6(e). For visual comparison, the 15 m product

is superimposed on the 30 m product, as shown in Fig. 6.6(f). As before, the

30 m product is upsampled to 15 resolution for superposition. Two sub-areas

indicated by A and B in Fig. 6.6(f) are examined in Fig. 6.6(i) and (l). The

original 30 m and the pansharpened 15 m post-fire images in sub-area A are
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Fig. 6.5.: Burning products of Rocky fire. (a) and (b) 15 m pre- and post-fire
images obtained by pansharpening. (c) 15 m dNBR with water bodies
and cropland masked. (d) Object (red) and background (green) training
samples (black for uncertain areas). (e) 15 m burning product obtained by
MRF. (f) The superposition of the 15 m (red) and 30 m (white) products
with two sub-areas (A and B) highlighted. (g) and (h) The original 30 m
and the pansharpened 15 m post-fire images in sub-area A, respectively.
(i) Burning products in sub-areas A. (j) and (k) The original 30 m and
the pansharpened 15 m post-fire images in sub-area B, respectively. (l)
Burning products in sub-areas B.

shown in Fig. 6.6(g) and (h). The similar results in sub-area B are presented

in Fig. 6.6(j) and (k). The advantages of the 15 m product over the 30 m
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Fig. 6.6.: Burning products of King fire. (a) and (b) 15 m pre- and post-fire images
obtained by pansharpening. (c) 15 m dNBR with water bodies and
cropland masked. (d) Object (red) and background (green) training
samples (black for uncertain areas). (e) 15 m burning product obtained
by MRF. (f) The superposition of the 15 m (red) and 30 m (white) products
with two sub-areas (A and B) highlighted. (g) and (h) The original 30 m
and the pansharpened 15 m post-fire images in sub-area A, respectively.
(i) Burning products in sub-areas A. (j) and (k) The original 30 m and
the pansharpened 15 m post-fire images in sub-area B, respectively. (l)
Burning products in sub-areas B.
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product are clear. As presented, the fire perimeters in the 15 m product are

much smoother and more accurate than those in the 30 m product.

(a) Sub-area A in Happy Camp fire

(b) Sub-area B in Happy Camp fire

(c) Sub-area A in Rocky fire

Fig. 6.7.: The 30 m and 15 m burning products in the sub-areas highlighted by
A and B in each study area. In each row, the first column shows the
reference map, followed by the 30 m and 15 m burning products.
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(a) Sub-area B in Rocky fire

(b) Sub-area A in King fire

(c) Sub-area B in King fire

Fig. 6.7.: (continued).

6.4.2 Quantitative Evaluation

Both the 15 m and 30 m burning products are quantitatively compared

with the reference maps. It is worth mentioning that the complete reference

burning map for each study area is not available. Thus, the quantitative

evaluation is conducted only using the manually delineated reference maps in

the sub-areas highlighted by A and B in each 15 m study areas. The reference

maps and the binary burning products in the sub-areas are demonstrated in

Fig. 6.7.

Three commonly used indices are used for quantitative evaluation:

Completeness = Pm/Pr , Correctness = Pm/Pt, and Quality = Pm/(Pt +

Prum), where Pm is the total pixel number of the mapped burned areas that

are matched with the reference maps, Pr is the total pixel number of the
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Fig. 6.8.: Quantitative evaluation results of the 30 m and 15 m burning products in
the sub-areas highlighted by A and B in each study area. HC_A and HC_B
denote the sub-areas A and B in Happy Camp fire. Similar notations are
used to Rocky fire and King fire. (a) Completeness. (b) Correctness. (c)
Quality.

reference maps, Pt is the total pixel number of the mapped burned areas, and

Prum is the total pixel number of the reference maps that are unmatched with

the mapped burned areas. The quantitative evaluation results are presented

in Fig. 6.8.

From the perspective of completeness (Fig. 6.8(a)), the 15 m burning

products clearly outperforms the 30 m products in all the sub-areas. In

particular, it has an overwhelming advantage over the 30 m product in the

sub-area B of Happy Camp fire. In terms of correctness, the 15 m products

prevail in King fire, as presented in Fig. 6.8(b). The 30 m products excel the

15 m products in sub-areas B of both Happy Camp fire and Rocky fire. In

terms of the overall quality, the 15 m products clearly perform better than

the 30 m products in all the sub-areas of the study areas, as can be seen in

Fig. 6.8(c).

6.5 Discussions

6.5.1 Advantages of the Proposed Method

Results in three different study areas have corroborated the effectiveness

of the proposed burned area mapping method (Fig. 6.3). In contrast to the

existing spectral index-based method, i.e., dNBR used by MTBS, the proposed

method has the following significant advantages.
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1) The use of the pansharpening technique enables the proposed method to

map burned areas with higher spatial resolution.

2) In this study, dNBR is used to generate the training samples of the

burned and unburned areas, thus automating the proposed method

considerably.

3) The proposed method takes into account the spatial contextual infor-

mation of burned areas by using MRF, which enables it to effectively

detect the finer fire perimeters.

4) The proposed approach is generic enough to be applied to burned area

mapping from other types of VHR remote sensing images such as aerial

photographs and Worldview-3.

5) Given its promising performance, the proposed method has strong po-

tential to be applied to burned area mapping at continental or global

scales.

6.5.2 Parameter Analysis

There are three key parameters for the implementation of the proposed

burned area mapping method. The first one is T in Eq. (6.5). It is used to

determine the lower threshold for generating the training samples of the

unburned areas. Generally, the value of T is proportional to the overall

brightness of dNBR. The brighter the dNBR, the greater the value of T .

The second parameter is ∆T in Eq. (6.5). It is critical to determine the

upper threshold for generating the training samples of the burned areas.

Meanwhile, it determines the length of the interval between the upper and

lower thresholds. The pixels in dNBR with intensities falling within this

interval are regarded as uncertain pixels, which are estimated using MRF.

Thus, ∆T has a big impact on the quality of the final burning product. In

this study, it is fixed at 0.5 in all the study areas. Experiments have shown

that this value is adequate to achieve accurate burned area mapping. The
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third parameter is λ in Eq. (5.4). It is used to balance the data term and

smoothness term. As previously mentioned, it is fixed at 50 throughout the

experiments according to the suggestions in Rother et al. (2004) and Szeliski

et al. (2008).

6.5.3 Future Work

It would be interesting to introduce other image fusion methods into the

proposed fire mapping framework (Fig. 6.3). In this study, a new geostatistics-

based image fusion method has been used for image pansharpening because

it can perfectly preserve the spectral information. Although numerous image

fusion approaches have been developed in recent years, the accurate and

computationally efficient methods are more favorable for real applications.

It would be significant to explore newer and more reliable spectral

indices for burned area mapping. dNBR in Eq. (6.4) is by far the most

commonly used spectral index in fire mapping. However, there are many

other spectral indices that are also sensitive to the vegetation spectral changes.

Thus, there would be better spectral indices that can replace dNBR used in

this paper for burned area mapping.

Higher-order MRF can be introduced into the proposed fire mapping

method. In this paper, the uncertain areas in Eq. (6.5) are estimated us-

ing the binary MRF, which only takes advantage of the spatial contextual

relationship between the pairwise neighboring pixels. This can be improved

by using higher-order MRF, which can characterize more complicated and

sophisticated contextual relationship among neighboring pixels or objects

and thus can be applied to map the finer fire perimeters.

In addition, it would be interesting to further verify the applicability and

generality of the proposed method by using other types of VHR remote sens-

ing images. In this paper, the proposed approach has just been applied to the

bitemporal geometrically corrected Landsat images. In practical applications,

however, the multitemporal satellite or aerial images, especially the VHR

commercial remote sensing images often need the careful pre-processing,
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including geometric correction, radiometric correction, and co-registration,

which often complicate the accurate burned area mapping.

6.6 Conclusions
A new approach for 15 m burned area mapping from Landsat 8 OLI

images has been presented in this paper. The 30 m multispectral bands

(7, 5, and 4) were first pansharpened by the 15 m PAN band (8). Then,

the candidate burned areas were generated using a burn-sensitive spectral

index (i.e., NBR). Next, the training samples of the burned and unburned

areas were then automatically generated from dNBR image using an effective

thresholding method. Finally, the uncertain areas were estimated using

the binary Markov random field (MRF), thereby obtaining the 15 m burning

product. The proposed method has been applied to three different study areas

in California, U.S.. The 15 m burning products have been compared with

the upsampled 30 m products and the manually produced reference maps.

Both visual and quantitative evaluation have demonstrated the attractive

advantages of the proposed method: 1) it can offer burning products with

higher spatial resolution; 2) its degree of automation is very high; 3) it can

effectively detect the finer fire perimeters while identifying unburned islands

inside burned areas; and 4) it is generic enough to be applied to other types

of remote sensing images. Given its promising performance, it has strong

potential to be applied to burned area mapping at continental or global

scales.
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7Conclusions

This thesis focuses on five aspects of the geographic object extraction method:

accuracy, applicability, generality, computational efficiency, and degree of

automation. To achieve these objectives, two fast level set evolution (LSE)

methods: the edge-based LSE (3.18) and the region-based LSE (3.21) (in

Chapter 3) and one enhanced binary Markov random field (MRF) (in Chapter

5) have been proposed.

7.1 Advantages of the Proposed Methods
To sum up, the proposed LSE methods have the following advantages.

First, the traditional regularization term is completely removed in the

proposed LSE methods. Its role is replaced by a Gaussian kernel, which is

employed to smooth the updated level set function (LSF) after each iteration,

thus keeping the zero-level-curve (ZLC) smooth and regular. This replace-

ment is mathematically sound and the detailed proof has been provided in

Appendix A. Due to this replacement, it is possible for us to use a relatively

greater time step in the numerical scheme of the propose LSE methods, thus

expediting the convergence rate considerably.

Second, a new data term is proposed for the region-based LSE (3.21).

That makes (3.21) more robust than the proposed edge-based LSE (3.18) to

the initial position of ZLC, the sign of LSF, and the image noise.

Third, experiments demonstrate that the proposed LSE methods are

capable of extracting most anthropogenic objects from remote sensing images

by just employing the gradient or region statistics (i.e., intensity mean)

instead of the typically used geometric shapes and multispectral signatures. In

this respect, they are more generic than other state-of-the-art approaches.

Fourth, the proposed LSE methods can be readily applied to land cover

change detection such as landslide mapping in Chapter 4. More importantly,

they can be automated by introducing the change detection techniques, thus

reducing the load on users substantially.
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Finally, in the experiments of extracting building roofs, road networks,

and airport runways, the proposed LSE methods are computationally much

more efficient while achieving better performance. In addition, they have

much fewer input parameters, which make them advantageous in practical

applications.

The strengths of the enhanced MRF are presented as follows.

First, for better spectral learning, a new mixture model (MM) has been

proposed, which is composed of the existing Gaussian mixture model (GMM)

and a uniform component. In essence, MM is an enhanced version of GMM.

Yet, it is more effective and robust than GMM in handling those pixels that

do not follow the trained Gaussian distributions in the traditional GMM.

Second, for computational efficiency, the parameters of MM are esti-

mated using tree-structure vector quantizer (TSVQ) rather than the tradi-

tional expectation-maximization (EM) algorithm or K-means algorithm.

Finally, a morphology-based post-processing mechanism, including con-

nected component analysis and hole filling, is particularly devised to remove

those spectrally similar errors.

The combination of the three procedures finally leads to a considerable

improvement of the previous binary MRF. Experiments have shown that the

proposed method is capable of handling almost all types of geographic objects

from complex remote sensing images.

7.2 Limitations of the Proposed Methods
Despite the effectiveness, there is still room to improve the proposed

methods.

The main limitations of the proposed LSE methods (3.18) and (3.21)

are threefold.

1. They require human interaction to provide the initial ZLC, which means

that they are semi-automated methods. Although line finder and change

detection technique in Chapter 4 can automate the proposed LSE meth-
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ods substantially, it is still a challenging task to make them fully auto-

mated for all practical applications. Baltsavias (2004) have mentioned

that fully automated object extraction is an open problem. Mayer

(2008) pointed out that it is very important and helpful to consider effi-

cient human interaction in devising a practical object extraction system.

Blaschke (2010) also mentioned that automated object recognition is

an end goal.

2. It is currently not easy for us to estimate the scale parameter values

such as σ for the region-based LSE (3.21) and σ1 and σ2 for the edge-

based LSE (3.18) adaptively. That is because it is not easy to obtain the

accurate noise levels of the original images in advance.

3. The proposed LSE methods only take account of intensity (or spectral)

information, which makes them very effective in homogeneous object

extraction but hard to handle heterogeneous objects (e.g., trees and

burned areas).

For the enhanced binary MRF, although it can achieve decent perfor-

mance, it also suffers from some challenges. To sum up, it has the following

two major limitations.

1. Similar to LSE methods, it is essentially a semi-automated approach as

it requires human interaction to provide the initial seeds for spectral

model learning. Although the incorporation of the appropriate human

interaction can improve the reliability of object extraction, it may be

labor-intensive or even impractical for large-scale remote sensing image

analysis.

2. Second, in this thesis the proposed method does not take into account

the texture information of the objects of interest, which may lead

to relatively poor performance, in particular, when detecting natural

objects. As shown in Fig. 5.14(c), the quality of my approach for tree

extraction is less than 75%.
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7.3 Future Work

7.3.1 Improving the Proposed Methods

For the proposed LSE methods, they can be further improved in the

following aspects.

1. The degree of automation of the proposed LSE methods can be further

enhanced. Some inherent geometric features of the desired objects

(e.g., corners for building roofs and parallel lines for roads or runways)

can be employed to automate the initialization of LSE methods. In the

meantime, to obtain the scale parameter values for the proposed LSE

approaches automatically, it is interesting to estimate the noise levels

of the original images in advance.

2. In this thesis, the proposed LSE methods are primarily employed for

anthropogenic object extraction. Thus, future research can also be

directed at improving them for natural object extraction such as the

extraction of tree crown, surface water body, and shoreline.

3. For some specific applications such as agriculture or cropland mapping,

it would be promising to integrate texture features like in (Wu and An,

2014) into LSE method.

4. In addition, it would be interesting to combine the two proposed LSE

methods together to handle multiple types of objects from one scene

simultaneously.

For the enhanced MRF, it can be further improved in terms of computa-

tional efficiency, generality, and degree of automation.

First, as presented in Fig. 5.1, the spectral models of the object and

background are independent of each other, and thus, the spectral learning

can be implemented by using parallel computation, thereby improving its

computational efficiency considerably.
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Then, this thesis mainly focused on the binary segmentation of remote

sensing images. For multiclass object segmentation, it would be interesting to

extend the binary MRF-based labeling into multiple labeling by introducing

more additional vertices into the mincut.

Next, to capture more sophisticated contextual information, newer high-

order potentials can be developed for the existing binary MRF like the work

in (Gould, 2014).

In addition, although the spectral information can provide impressive

object extraction results, it would be promising to incorporate the texture

information into the proposed approach, thus making it more generic in

practical applications.

Finally, to increase the degree of automation of my approach, it is of

great interest to explore more intrinsic and distinctive features of the objects

of interest.

7.3.2 From Algorithm Development to Practical

Applications

In this thesis, two LSE methods and one enhanced binary MRF have

been proposed for anthropogenic and natural object extraction from complex

remote sensing images. Although their computational efficiency and high

level of automation have been verified in this thesis, the applicability of the

proposed methods needs to be further corroborated in large-scale applications

such as national or global change detection. In general, the future work can

be mainly directed at the following two aspects.

First, the geographic object extraction methods proposed in this thesis

can be readily applied to change detection of object of interest from multitem-

poral remote sensing images. This idea has been demonstrated by mapping

landslides from bitemporal aerial orthophotos in this thesis. But the proposed

methods can also be applied to extract other geographic objects such as,

shoreline, glacier, and forest for climate change research.
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Second, the proposed methods in this thesis are essentially pixel-based

methods, whose performance however is sometimes not as great as that

of object-based approaches (Hussain et al., 2013). In recent years, with

the availability of VHR remote sensing images (e.g., Quickbird, GeoEye,

Worldview, and aerial images), object-based image analysis has received

increasingly attention in remote sensing. Therefore, the future work can be

focused on developing newer and more reliable object-based approaches for

remote sensing applications.
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AAppendix

Here, we prove this statement by using Fourier transform (FT). For simplicity,

we just consider 2-dimensional isotropic heat diffusion equation as follows:


φt = div(∇φ)

φ(x, y, 0) = φ0(x, y)
(A.1)

where φ(x, y, 0) = φ0(x, y) is the initial condition. (A.1) is an integral part of

traditional LSE methods such as (3.2), (3.3), (3.4), (3.6), (3.7), and (3.9).

As discussed before, it is mainly used for keeping the evolving ZLC smooth

and regular. However, its presence restricts the use of a large temporal step

size. According to (Perona and Malik, 1990), (A.1) can be rewritten as:

φt = ∆φ =
(
∂2φ

∂x2 + ∂2φ

∂y2

)
= (φxx + φyy) (A.2)

where ∆ is the Laplacian operator, which means the divergence of the gradi-

ent of a function. We use φ̂(u, v, t) to denote the FT of the original function

φ(x, y, t), and thus

φ̂(u, v, t) =
∫∫ +∞

−∞
φ(x, y, t) exp(−i2π(ux+ vy))dxdy (A.3)

φ(x, y, t) =
∫∫ +∞

−∞
φ̂(u, v, t) exp(i2π(ux+ vy))dudv (A.4)

Further, we can readily obtain

∂

∂t
φ(x, y, t) = ∆φ(x, y, t)

=
∫∫ +∞

−∞
φ̂(u, v, t)(i2π)2(u2 + v2) exp(i2π(ux+ vy))dudv (A.5)

Then, we have

∂

∂t
φ̂(u, v, t) = −4π2(u2 + v2)φ̂(u, v, t) (A.6)
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At this point, (A.6) becomes an ordinary differential equation with respect to

the time t. Combining the initial condition φ̂(u, v, 0) = φ̂0(u, v), we have

φ̂(u, v, t) = φ̂0(u, v) exp[−4π2(u2 + v2)t] (A.7)

where we make the substitution Ψ̂t(u, v) = exp[−4π2(u2 + v2)t]. Then the

original function φ can be obtained according to the convolution formulation

of FT:

φ(x, y, t) = (φ0 ∗Ψt)(x, y) (A.8)

Next, what we have to do is to obtain Ψt(x, y). Using inverse FT (A.4), we

have

Ψt(x, y) =
∫∫ +∞

−∞
Ψ̂t(u, v) exp (i2π(ux+ vy)) dudv

=
∫∫ +∞

−∞
exp

(
−4π2(u2 + v2)t

)
exp (i2π(ux+ vy)) dudv

=
∫ +∞

−∞
exp(i2πux− 4π2u2t)du ·

∫ +∞

−∞
exp(i2πvy − 4π2v2t)dv (A.9)

where

∫ +∞

−∞
exp(i2πux− 4π2u2t)du =

∫ +∞

−∞
exp

[
−4π2t

(
u2 − xi

2πtu−
x2

16π2t2
+ x2

16π2t2

)]
du

=
∫ +∞

−∞
exp

[
−4π2t

((
u− xπi

4π2t

)2
+ x2

16π2t2

)]
du

= exp
(
−x

2

4t

)∫ +∞

−∞
exp

[
−4π2t

(
u− xπi

4π2t

)2]
du

(A.10)

in which we make the substitution p = 4π2t and q = u − xπi
4π2t

= u − xπi
p

,

then

∫ +∞

−∞
exp(i2πux− 4π2u2t)du = exp

(
−x

2

4t

)∫ +∞

−∞
e−pq

2
dq (A.11)
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According to the Gaussian integral, we have

∫ +∞

−∞
e−pq

2
dq = 1

√
p

∫ +∞

−∞
e−(√pq)2

d(√pq) =
√
π

p
(A.12)

Therefore,

∫ +∞

−∞
exp(i2πux− 4π2u2t)du = 1√

4πt
exp

(
−x

2

4t

)
(A.13)

Likewise, we have

∫ +∞

−∞
exp(i2πvy − 4π2v2t)dv = 1√

4πt
exp

(
−y

2

4t

)
(A.14)

Combining (A.9), (A.13), and (A.14), we can obtain

Ψt(x, y) = 1
4πt exp

[
−(x2 + y2)

4t

]
= 1

2πσ2 exp
[
−(x2 + y2)

2σ2

]
(A.15)

where σ2 = 2t. The right hand of (A.15) is a 2-dimensional Gaussian kernel.

Plugging (A.15) into (A.8), we can obtain

φ(x, y, t) =
[
φ0 ∗

1
2πσ2 exp

(
−(x2 + y2)

2σ2

)]
(x, y) (A.16)

Finally, we justified the statement that the convolution of a signal with

Gaussian kernel is equivalent to the solution of heat diffusion equation (A.1).

Accordingly, it is feasible to replace the mean curvature-based regularization

term by a Gaussian kernel. Actually, (A.16) is the Step 4 in Algorithm 1.
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