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摘  要 

 

線與角點為建構二維面與三維面的基本元件，這些特徵的幾何資訊可供相關應用

比較分析的依據，如資料套和、影像匹配、模型重建與變遷偵測等。既有研究主要藉

由調整門檻與建立基本元件萃取特徵，然而，此舉需依目標複雜度經門檻測試以達到

成果最佳化。由於線特徵具明確的幾何特性與特徵連續性，故本研究提出位相連續性

法則分析局部差異性以萃取特徵，並維持特徵之連續性，此舉可取代門檻調整過程及

提升處理自動化程度。本研究在影像處理中，使用單一固定門檻進行高斯平滑處理，

此門檻為依據既有研究之經驗值予以設定，以同時萃取線與角點特徵。於光達資料處

理中，本研究省略面偵測與面交會過程，直接使用單一固定高程差門檻從空載光達點

雲中萃取三維線特徵，此門檻為依據最小牆高值給定。此外，本研究之處理目標亦包

含屋頂女兒牆之線型。在驗證部分，萃取之特徵經人工產製的參考資料比對後，顯示

本研究可經由較高之自動化處理過程獲取無失品質的特徵成果。 
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ABSTRACT 

 

Edges and corners are important components in constructing planimetric planes and 3-

dimensional facades. Feature geometry can also support related processes for advanced 

analyses including data registration, image matching, object modeling, and change detection. 

Conventional methods have focused on the threshold operation or primitive comparison to 

identify features. Because these predefined constraints may require optimization according to 

prior experience for various targets, however, a new, alternative for feature detection without 

threshold selection is needed. Because one edge should suffice for the specific geometry and 

connected elements, the proposed scheme in this study analyzed the local relief with 

topological connection criteria instead of threshold operation to improve the detection ability 

and automation. In image processing, one constant threshold was used for Gaussian 

smoothing (a method adopted in related works) to detect edges, and image corners were 

specifically addressed. In comparison, LIDAR (LIght Detection and Ranging) processing uses 

one fixed relief threshold to detect 3-dimensional lines, including parapets on rooftops, from 

airborne LIDAR data without surface determination and intersection. This relief threshold 

was related to the minimum wall height, and in the validation process the detected features 

were compared with references identified through visual perception. Based on these 

comparisons, the proposed scheme achieved higher automation without losing detection 

quality.  
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CHAPTER 1. INTRODUCTION 

 

In the real world, points adjacent to the topological permutation can form lines to represent an 

object frame. For imagery, these two components are shown as edges and corners in the raster 

format. In laser-scanning data, lines implicitly exist at the junction of adjacent surfaces, which 

are formed by three-dimensional (3D) coplanar points in the object space. Based on demands 

of related applications, these two features may be used in data registration, image matching, 

change detection, 3-dimensional modeling, and other applications. Considering the necessity 

of feature detection, this study proposed a novel approach, topological connection criteria, to 

detect features from these two heterogeneous datasets. Traditionally, topology describes the 

spatial relationships for the vector data in the geospatial area. In this study, the topological 

concept is extended to address the raster data for feature detection. 

 

1.1 Motivation 

Spectral imagery and laser scanning data are two common datasets used for feature detection. 

Spectral imagery contains rich planimetric features, and the airborne LIDAR (LIght Detection 

and Ranging) data contain plentiful 3D point clouds. Image features, including edges and 

corners, reflect object geometries in the spectral domain through grayscale distribution. Many 

image matching and object modeling applications require these features of interest to identify 

conjugate targets for reconstructing the object geometry. A corner provides strong localization 

because it shows the intersection directions of multiple edges and helps to identify its 

conjugate with lower ambiguity. Edge detection is an alternative strategy when other objects 

occlude a corner. The combination of edges and corners can delineate a comprehensive 

picture of object geometry by using two intersecting edges to identify one corner.  

Departing from this viewpoint, the development of a feature detector is a valuable and 
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promising task. Under the primary considerations of localization and completeness, human 

perception can accurately locate features, but at the cost of efficiency. To improve 

performance, conventional methods adopt various mathematical models to analyze the 

grayscale distribution and detect features through threshold selection. These threshold 

selection methods experimentally modify the parameters to address illumination, reflectance, 

and shadows, which interfere with grayscale distribution. 

As an alternative, airborne LIDAR data can directly derive 3D point clouds 

aboveground. In past decades, the point distribution was the major clue for surfacing to 

intersect object boundaries. The threshold operation or primitive comparison was a useful way 

to cluster co-planer points, but these factors may contain the point number, area size, 

intersection angle, relief, and predefined models that can limit the results, depending on the 

complexity of targets. To improve the detection procedure, this study established a new 

operator to detect features based on analyzing local relief instead of the threshold operation by 

using different image sources and multiple building roof types. In addition, extended works 

are proposed to demonstrate this method’s applicability according to the detected features. 

 

1.2 Research Objectives 

The goal of this study was to detect edges and corners from imagery and airborne LIDAR 

data with the topological connection concept. The first part of the research analyzes local 

gradients of images to extract planimetric features from different image sources, including an 

artificial pattern, an aerial photo, a satellite image, and a Heath dataset (Heath et al., 1997). 

These varied images are then used to evaluate the applicability of the proposed method with 

one constant threshold. The Canny edges (Canny, 1986) and manually depicted boundaries 

are included in the comparison to estimate the detection quality.  

The second part of this research extends the proposed concept to address using 
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airborne LIDAR point clouds to detect 3D lines. A hierarchical procedure is proposed to 

analyze local relief from a pseudo-gridded data and refine the results with raw data. To 

estimate applicability, five different building roof types were selected, including flat, stepped, 

gable, hipped, and arc-shaped. The proposed scheme also conducts the detection process with 

one constant threshold, the minimum relief threshold. To assess quality, the references from 

aerial images and raw data were compared with the detected lines. 

 

1.3 Contributions 

This study contributes to the feature detection process for imagery and airborne LIDAR data 

from the following perspectives: 

1) In image processing, the proposed scheme achieved feature detection using one 

constant threshold for the smoothing procedure. Multiple image sources with different 

image sizes were considered, including a satellite image, an aerial photo, and a close-

range image. The proposed scheme to process high quality imagery can 

simultaneously detect edges and corners. The detected features are continuous in 

nature without further editing; therefore, in this sense the threshold operation is not an 

essential step (Lo and Chen, 2013a). Further investigations such as image matching 

(Lo and Chen, 2013c) and data registration (Lo and Chen, 2013d) can rely on the 

detected features to improve their performances using multiple images. 

2) LIDAR processing was employed to detect 3D lines using one relief threshold instead 

of surface identification and predefined primitives. Varied building roof types were 

considered, such as flat, stepped, gable, hipped, arc-shaped, and complex roofs (Lo 

and Chen, 2013b). These detected structure lines can support change detection (Lo and 

Chen, 2012) when identifying the changed parts with a higher automatic level for 

multiple targets. 
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1.4 Dissertation Organization 

This dissertation divides the scientific results into eight chapters. Following the Chapter 1 

Introduction, Chapter 2 reviews the related studies on image detection and LIDAR detection 

and describes the advantages and disadvantages of each to address the issue. Chapter 3 

introduces the proposed scheme used to detect image features in this research. Chapter 4 

continues the previous chapter by describing the technique for the detection of 3D lines using 

airborne LIDAR data. In Chapter 5 the varied datasets are introduced for the assessments of 

different experimental conditions. Chapter 6 demonstrates the detection results for images and 

airborne LIDAR data, respectively. The discussion in this chapter compares the detected 

features with references to indicate the validity of the proposed scheme. Chapter 7 then 

applies the developed techniques to implement related research with preliminary results. 

Chapter 8 summarizes this study and proposes future research suggestions. 
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CHAPTER 2. LITERATURE REVIEW 

 

The detection techniques for images and airborne LIDAR data have been evolving over the 

past decades, and related studies have explored varied strategies in the geospatial area. This 

chapter separately reviews the literature of image processing and LIDAR processing. 

 

2.1 Image Feature Detection 

Edges and corners are two common features in image processing that are generally detected 

as separate targets. This discussion introduces edge detectors and corner detectors based on 

previous studies. 

 

2.1.1 Edge Detector 

A number of studies in recent decades have proposed numerous edge detectors, including 

gradient-based methods (Prewitt, 1970; Canny, 1986; Sobel, 1990; Hardie and Boncelet, 1995; 

Meer and Georgescu, 2001; Laligant and Truchetet, 2010), scale multiplication-based 

methods (Perona and Malik, 1990; Mallat and Zhong, 1992; Bao et al., 2005; Yi et al., 2009; 

Jiang et al., 2009; Tanaka et al., 2010), region-based segmentation methods (Pavlidis and 

Liow, 1990; Dunn and Higgins, 1995; Haris et al. 1998; Arbelaez et al., 2011), vector-based 

methods (Xu and Prince, 1998; Ma and Manjunath, 2000), neuro network methods (Boskovitz 

and Guterman, 2002; Lu et al., 2003), statistical methods (Konishi et al., 2003; Rakesh et al., 

2004), and universal gravitation methods (Sun et al., 2007; Medina-Carnicer et al., 2011). 

The most direct method among these is the gradient-based edge detector in which the image 

convolution computes directional gradients to identify edge pixels by considering their 

gradient magnitudes (Prewitt, 1970; Sobel, 1990). This concept is simple and efficient, but its 

noises and improper thresholds may decrease the detection quality.  
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A high signal-to-noise-ratio (SNR) should be maintained to reduce noise effects. 

Canny (1986) first proposed the use of detection and localization as the essential criteria 

(Demigny, 2002). Gaussian smoothing has since been implemented in the Canny operator to 

maximize the SNR and categorize gradient magnitudes with hysteresis thresholds. Double 

gradient constraints, low and high, tolerate ambiguity in identifying complete edges. Although 

this computational approach provides a basic method for further studies, the Canny operator 

suffers from threshold dependence. As a result, a tight smoothing scale may miss some detail 

features, and a loose scale may derive spurious edges; however, hysteresis thresholds require 

smoothed grayscales to estimate proper values. Improper parameters may cause disconnected 

edges. Developing an automatic threshold selection method can solve these problems, but this 

is a difficult task (Medina-Carnicer, 2011). 

To improve the Canny operator, researchers have proposed different methods for 

modifying noise filters and hysteresis thresholds. Because strong features provide reliable 

localizations, scale multiplication provides a simple method of edge detection. Bao et al. 

(2005) adopted double scales instead of two gradient constraints. This scale multiplication 

method using two adjacent scales of the Gaussian smoothing improves the localization of 

Canny’s edges and resists noise effects. Unfortunately, Gaussian smoothing is an isotropic 

diffusion method that simultaneously restricts noises and image gradients, and an improper 

scale may cause information loss. Yi et al. (2009) implemented the Shearlet transformation 

for directional scale multiplication to preserve edge gradients and reduce noise. In addition to 

scale multiplication, estimating hysteresis thresholds can also improve the Canny operator.  

Hysteresis thresholds traditionally require interactive modification to derive 

appropriate values. Medina-Carnicer et al. (2011) used an unsupervised concept to collect 

candidates to derive initial hysteresis thresholds and iteratively refine constraints. Their 

results indicate the importance of prior experience and experimentation in determining initial 
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thresholds. 

 

2.1.2 Corner Detectors 

Corners, also key features in image processing, represent the intersection of at least two edges 

and are important for image matching and 3D modeling with less ambiguous recognition. The 

intersecting geometry of a corner is much stronger than that of an edge. Many recent studies 

attempted to improve corner detection with different strategies, which can be categorized into 

three types: edge-based methods (Mokhtarian and Suomela, 1998; Li and Chen, 1999), 

grayscale-derivative-based methods (Förstner, 1986; Harris and Stephens, 1988; Lowe, 2004), 

and direct-grayscale methods (Smith and Brady, 1997; Rosten et al., 2010). 

In early corner detection, certain operators have the ability to extract both edges and 

corners by analyzing the distribution of local gradients. Förstner (1986) first indicated that 

each feature, either an edge or a corner, should contain some criteria such as distinctness, 

invariance, seldomness, and interpretability. To fulfill these criteria, the Förstner operator first 

defines the optimal window size and then computes the covariance matrix of local gradients 

to determine the ellipsoid. This approach identifies feature types as a corner, an edge, or a 

blunder, depending on the shape of derived ellipsoid.  

Other methods classify features using the distribution of eigenvalues (Harris and 

Stephens, 1988) and the threshold of local similarity (Smith and Brady, 1997). Among them, 

the SUSAN (Smallest Univalue Segment Assimilating Nucleus) operator (Smith and Brady, 

1997) has the simplest concept, which is to compare gradients between the nucleus and 

surrounding pixels within a circular kernel and find candidates with similar gray values. This 

operator then histograms surrounding candidates to distinguish the feature type at each pixel 

by one geometric threshold. One corner pixel has a smaller count than this threshold; 

conversely, one edge pixel has a larger count. Local non-maximum suppression and thinning 
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are required to fine-tune the results. 

These mentioned operators can achieve high quality performance when the window 

size and considered thresholds are appropriate for each pixel in the target image. A larger 

window size may provide more reliable results, but the computations become more complex. 

To improve efficiency, recent studies simplify the process of corner detection. Rosten et al. 

(2010) proposed using a Features from Accelerated Segment Test (FAST) operator to analyze 

surrounding gradients and train the classification model for corner detection. Although the 

FAST operator is only designed for corner detection, a comparison of corner detector research 

reveals that this first-derivative method is relatively efficient. 

 

2.1.3 Issues for Image Features 

Previous studies have indicated successes with different imaging methods; nevertheless, 

optimal performance under all feature conditions is a difficult task (McIlhagga, 2011). Targets 

within different images may contain dissimilar grayscale distributions, and detectors currently 

require a numerical thresholding operation based on the prior experience, experimentation, or 

considered criteria. 

Among existing feature detectors, direct-grayscale methods are the most efficient 

(Prewitt, 1970; Canny, 1986; Sobel, 1990; Rosten et al., 2010). Based on this concept, the 

current study suggests improvements in the detection ability for edges and corners. 

1) The proposed scheme identifies features by simultaneously analyzing distributions in 

the spatial domain and spectral domain. This process combines two analyses 

surrounding gradients of nucleus and topology of local extrema instead of threshold 

selection. The concept of classification is also implemented in the process according to 

the gradient similarity because each part of one feature must contain similar spectral 

information. 
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2) The proposed method categorizes detected edges into several groups based on their 

gradients. These grouped feature pixels improve the efficiency of related applications, 

such as image matching and object modeling. Isolated pixels or small grouped features 

are regarded as noise and removed. 

 

2.2 LIDAR Feature Detection 

In the geospatial area, the linear information is crucial for building modeling and data 

registration. Satellite imagery, aerial photos, and airborne LIDAR data are used to detect 

feature lines. The airborne laser scanning system can directly capture the relief through rich 

point clouds. The elevation information of roofs and building facades is explicit, whereas 

boundary lines are implicit. In addition, the laser-scanning system blind-detects ground 

surfaces and object planes (Ackermann, 1999); therefore, related studies have focused on the 

analyses of point distribution for object modeling to derive 3D lines. For this purpose, the 

model-driven strategy and the data-driven strategy are two vital strategies. 

 

2.2.1 Model-driven Strategy 

In the model-driven strategy, the basic concept is to evaluate the similarity between designed 

primitives and the local point distribution of LIDAR data. These primitive geometries are 

effectively defined and useful, especially for sparse points. Previous studies used different 

strategies to represent building geometries by comparing point clouds and primitives, 

including invariant moments (Maas and Vosselman, 1999), root-mean-square distance 

(Rottensteiner, 2003), constructive solid geometry (CSG) (Gülch et al., 1999), and binary 

space partitioning (BSP) with a box-type primitive and hyperlines (Sohn and Dowman, 2007). 

The primitives contribute to the automation of modeling processes and provide clear building 

boundaries; however, this predesigned information may also limit the applicability for 
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complex buildings (Brenner, 2005). 

 

2.2.2 Data-driven Strategy 

The laser-scanning system has recently increased the point density, which provides an 

opportunity to analyze the point distribution depending directly on the target geometry. The 

data-driven strategy is therefore considered to segment co-planar points for line intersection 

using LIDAR data with the higher point density. Various segmentation methods have been 

proposed to collect co-planar points, such as 3D Hough transformation (Vosselman, 1999), 

RANdom SAmple Consensus (RANSAC) (Brenner, 2000), region growing (Zhang et al., 

2006; Filin and Pfeifer, 2006; Chen et al., 2008; Habib et al., 2010; Wang and Tseng, 2011; 

Sampath and Shan, 2010), knowledge-based criteria (Pu and Vosselman, 2009), the level set 

functions (Kim and Shan, 2011), and image processing (Awrangjeb et al., 2010). Among 

these methods, 3D Hough transformation recursively clusters co-planar points in the 

parametric space (Vosselman and Dijkman, 2001; Rau and Lin, 2011).  

The 3D Hough transformation is a useful and straightforward global approach; 

however, the computation becomes time-consuming because of the point number. Conversely, 

RANSAC randomly selects points to estimate co-planar points with the considered 

mathematical formula. RANSAC is more efficient than Hough transformation, but RANSAC 

must process entire datasets and refine its results sequentially. To modify RANSAC results, 

Brenner (2000) used additional rules to constrain roof shapes, including the shape orientation 

and point number. These global methods may cause spurious planes due to the lack of 

connectivity criterion, however, so that two groups of points with a gap may be clustered. To 

improve the segmentation results, vector maps can constrain the search area and remove 

spurious planes (Brenner, 2000; Vosselman and Dijkman, 2001; Rau and Lin, 2011). 

In addition to these global analyses, region growing is another way to cluster co-planar 
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points by local point distribution. This strategy may relate to the classification processes 

(Rottensteiner et al., 2007; Sampath and Shan, 2010) and geometrical constraints (Filin and 

Pfeifer, 2006; Chen et al., 2008; Habib et al., 2010; Wang and Tseng, 2011; Kim and Shan, 

2011). Because of the complexity of modern buildings, parallel planes may interfere with 

region-growing processes to identify correct planes. Predefined knowledge-based region 

growing can improve the segmentation results using extended criteria, which include the sizes 

of objects, positions, orientations, and topology of detected planes (Pu and Vosselman, 2009).  

For a complex scenario, Habib et al. (2010) used predefined knowledge to generate 

building primitives, which provide excellent initial locations for further refinement through 

aerial images. Based on their results, the data-driven strategy contributes to the segmentation 

processes to identify 3D lines; however, the local point distribution remains a crucial factor 

that restricts the detected quality. This factor may relate to the thresholds used and criteria 

considered, impeding the derivation of suitable thresholds for various cases. 

Region-growing segmentation can applicably group co-planar points to compute 

planes and intersect 3D lines. Although the higher point density may increase the ability to 

estimate detail-building shapes, the processing may require more computation; therefore, 

other works (Zhang et al., 2006; Meng et al., 2009) used gridded data for segmentation 

instead of analyzing point clouds directly. The grid-based strategy was proposed to simplify 

the spatial relation of points for classification and building detection; nevertheless, the 

interpolation of the gridded procedure may interfere with elevations of raw data.  

To preserve the original elevation information, Cho et al. (2004) proposed a pseudo-

grid concept that directly acquires elevations from local points within virtual grids. For the 

same purpose, Wang and Tseng (2011) also proposed a coarse-to-fine strategy to separate 

points using virtual voxels first, and subsequently used plane fitting for local point clouds at 

each voxel. The virtual-gridded concept provides a shortcut to manage dense point clouds 
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with original elevations for further examination. Following related studies, their achievements 

indicated the contribution of co-planar point analyses to derive building facades and roofs for 

the intersection of structure lines under well-defined assumptions and thresholds. However, 

the threshold operation requires prior experience and recursive modification for various 

applications. 

 

2.2.3 Issues for LIDAR Features 

Regarding the merits of related studies, the pseudo-grid and morphological analyses were 

integrated to develop a 3D line detection processes to improve performance. The issues 

addressed are as follows. 

1) This study focused on the automatic detection of 3D lines from points. Because each 

object contains explicit relief surrounding its boundaries, these 3D shapes must suffice 

for the continuities on local linear patterns and elevations. To reduce the computation, 

a two-step procedure was proposed to analyze local relief from a digital surface model 

(DSM) and refine the results using raw data. The DSM is generated by the pseudo-

grid concept (Cho et al., 2004) to preserve original elevations and provide a regular 

spatial relation of local grids. Original point clouds are involved in the processes to 

compute 3D lines in vector format instead of object modeling. 

2) Based on the observation of point distribution, the relief along one alignment must be 

smoother than that across one alignment. In addition to the shape continuities, each 

element on one line must connect to its surrounding grids. We therefore designed a 

number of morphological templates for comparison with local relief patterns and 

evaluated the connection criteria to detect shapes instead of threshold operation. 

During the detection processes, this study considered two types of targets: edges and 

corners. The edges include building boundaries and roofs, and the corners are the 
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joints that link adjacent perpendicular edges. The focused targets had building 

boundaries, superstructures, and parapets. 

 

2.3 Summary 

Several related works were reviewed that addressed feature detection from imagery and 

LIDAR data. For imager processing, gradient-based methods and scale-based methods have 

been proposed to identify feature positions. For LIDAR processing, the modeling process 

with model-driven strategy or data-driven strategy was the main method to locate structure 

lines. According to previous successful achievements in both datasets, the thresholding 

operation could derive complete features with well-defined criteria; however, prior knowledge 

or recursive modification is necessary for threshold selection to fit varied feature 

characteristics and different applications. Thus, improving the automation of feature detection, 

remains a valuable emphasis. Because each feature has specific topological permutations and 

geometries, this study focuses on these to develop a new operator and detect features instead 

of threshold selection. In addition, feature characteristics in imagery and LIDAR data have 

several similarities; therefore, this new operator also aims at detecting features from these two 

heterogeneous data sources. The completeness and localization of detected features were 

considered in the evaluation. 
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CHAPTER 3. TOPOLOGICAL GRADIENT CONNECTION ANALYSIS 

FOR IMAGE FEATURE DETECTION 

 

The proposed method automatically detects image features without threshold selection 

according to local gradient characteristics, a process known as topological gradient 

connection (TGC) analysis. The essential constraints include the topology and the gradient 

connection of ridge pixels in the 2D spatial domain. This scheme contains four concepts: (1) 

the gradient along the edge direction must be smaller than the gradient across the edge 

direction; (2) ridge pixels of features must have specific patterns; (3) every feature can be 

separated into several 3 × 3 fundamental elements; and (4) each pixel must connect to 

adjacent pixels to fulfill the requirement of “one-way-in” and “one-way-out.” Isolated pixels 

can therefore be regarded as noise and removed directly.  

In the localization meanings of detected features, bright pixels are the targets of 

interest. The pattern of ridge pixels helps determine whether the feature type is an edge or a 

corner. Following the concept above, TGC analysis follows three steps to detect features 

(Figure 3.1): (1) gray value refinement; (2) gradient computation; and (3) topological 

connection analysis. 

 

Figure 3.1 The workflow of TGC analysis. 

 

3.1 Image Smoothing 

This step modifies the smoothness condition of feature gray values. Because the practical 

characteristics of features within the target image are unknown, it is difficult to find an 

optimal filter for all cases. An improper filtering model or focused scale may generate false 
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edges, information loss, or over-computation. Under the proposed method, the smoothness 

along the feature direction can provide the directional gradient information required to detect 

features. Noise may interfere with the smoothness of feature ridges, however, leading to false 

edges. This study implements a Gaussian filter to maintain the smoothness of gray values in 

the target image and simultaneously modifies the gray values in both feature areas and non-

feature areas. The equation used in this method is: 

′ , , ∗ , , , (3-1)

where ,  is the original gray value distribution, , ,  is the Gaussian kernel, “∗” 

denotes the convolution operation, and ′ ,  is the smoothed gray value distribution. The 

term 	  is the standard deviation to control Gaussian kernel and, as used in Equation (3-1), is a 

value determined empirically within the detection process. After gray value refinement, the 

smoothed gray values were analyzed to identify the feature location using the proposed 

gradient constraints. 

 

3.2 Gradient Computation 

The following step based on gray value distribution computes relative gradients and classifies 

pixels to extract ridge pixels. Continuing the image-smoothing concept, gradients across the 

feature geometry should be stronger than gradients along the feature geometry. Hence, the 

intersection of local extrema (maxima or minima) in two analyses is crucial for identifying 

ridge pixels. To fulfill this purpose, the current study proposes a new kernel to estimate these 

intersecting gradients for the nucleus and the surrounding 40 pixels, termed the unit cell. The 

basic concept of the unit cell is to describe the local gray value distribution with an 

approximate equal-weight circular area and analyze discrete 2D signals. This kernel consists 

of three layers: the core, the first layer, and the second layer, in a nearly concentric 

configuration. (Figure 3.2). 
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Figure 3.2 The three layers in the unit cell.  is the nucleus,  are the elements of the core 

layer, and  and  are the elements of the first and second layers respectively. 

 

Each layer plays a different role: (1) the core layer confirms whether the nucleus belongs to a 

part of a feature or not and recognizes the feature type by the topology of ridge pixels; (2) the 

first and second layers reconfirm the connection condition to the core layer. This kernel thus 

implements three layers to identify features through self-estimation. The straightforward 

computation of this step involves the calculation of local minima in the radial direction and 

local maxima in the circular direction to find the ridge pixels. The correspondence between 

the nucleus and the surrounding pixels in two directional analyses (Figures. 3.3(a) and 3.3(b)) 

can be expressed using the following two equations: 

| | ~ , , ∈ ′ and (3-2)

| | ~ , , ∈ ′, (3-3)

where  is the gradient in the radial direction, and  is the gradient in the circular 

direction. For the other two layers, Equations (3-2) and (3-3) change to Equations (3-4) and 

(3-5), respectively: 

~ , ~
, , ∈  and (3-4)

~ , ~
, , ∈ ′ , (3-5)
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where  is the gradient in the radial direction of the first and second layers, and  is the 

gradient in the circular direction in the first and second layers. 

 

 

(a) (b) 

Figure 3.3 The two directional patterns in the unit cell: 

(a) the radial direction; (b) the circular direction. 

 

After the gradient computation, two series of two directional gradients must be derived in 

each layer. For example, Equations (3-6) and (3-7) show the gradient series in the core layer, 

which become candidates for feature identification. According to the proposed spatial 

constraints, features exist in the intersections with large gradients in the circular direction and 

small gradients in the radial direction. The surrounding feature pixels should have gray values 

similar to the nucleus. This step then estimates the minimum and maximum (Equation (3-8)). 

These extrema in the radial direction help the processer directly classify radial direction 

candidates. If one ′ is close to min , then its gray value is similar to the nucleus. This 

′ may belong to a pixel of one feature. After filtering, the remaining pixels are regarded as 

radial direction candidates for the following process: 

′ ∈ , ,⋯ , ~  , (3-6)

′ ∈ , ,⋯ , ~  , and (3-7)

min min ′
max max ′

 , (3-8)
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where ′  is the set of radial gradients in the core layer, and ′  is the set of circular 

gradients in the core layer. 

In this step, the TGC analysis refilters the radial direction candidates with maximum 

gradients in the circular direction to identify ridge pixels. Equation (3-9) shows the 

geometrical criteria to indicate the relationship between surrounding pixels. Identifying 

circular direction candidates in the first and second layer involves the same process as that in 

the core layer. To improve detection performance, this hierarchical procedure shortens the 

process when the number of candidates is fewer than two. This step regards the nucleus as an 

isolated point and directly removes it. Each collected nucleus contains all possible 

surrounding ridge pixels in the gradient computation procedure. Because this step 

independently extracts these ridge pixels within three layers, the extracted pixels lack spatial 

relationships and may be alternative features or may be redundant. Therefore, it is necessary 

to distinguish candidates with a topological connection: 

if
	and
or
	and

, belongs	to	a	ridge	pixel. (3-9)
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3.3 Topological Connection Analysis 

The next step is to determine the spatial relationship among the ridge pixels of the three 

layers. Each pixel belonging to one feature should connect to at least two adjacent pixels and 

display certain spatial patterns. Beginning with the core layer, this step starts by analyzing the 

topological connection condition to the first layer and then to the second layer. This 

hierarchical process constrains the searching path to the radial direction. The topological 

connection condition can be formulated as:  

belongs	to	a	feature candidate pixel in the core layer

if
′ ∈ , ,

∃ ′ ∶ candidate	edge	pixel	
and		

′ ∈ , ,

∃ ′:candidate	edge	pixel	
, (3-10)

where ′ is the ridge pixel of the first layer, which connects to the ridge pixels of the core 

layer; and ′ is the ridge pixel of the second layer, which connects to the ridge pixels of the 

first layer. If one candidate in the core layer can sequentially link to the two extended layers, 

the nucleus can be recognized as a part of one feature. 

The proposed scheme uses this process to derive ridge pixels in the target image, but 

these detected results lack a feature type, such as an edge or a corner. Twenty patterns (Figure 

3.4) were observed to be sufficient to induce feature types in a 3 × 3 area, and five 

components are used to establish one edge (Figure 3.5). Furthermore, both edges and corners 

can be identified from the possible patterns (Figure 3.4(c)). These ambiguous cases require an 

additional step to fine tune the feature type with these candidates in the two surrounding 

layers. 
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(a) 

 

(b) 

 

(c) 

Figure 3.4 Designed templates to recognize feature types in the core layer: (a) edge patterns; 

(b) corner patterns; (c) ambiguous patterns.  to  are the pattern numbers. 

 

 

Figure 3.5 An example of one part of an edge with five components. Unfortunately, the first, 

fourth, and fifth patterns in Figure 3.5 may be regarded as corners because of the limitation of 

the area size in the core layer. 

 

To identify the ambiguous type, it is necessary to expand the search area and use these 

candidates in the two extensions through the topological condition. The specific pattern helps 

manage this dilemma because ridge pixels of each layer are connected within the unit cell. 

The same pattern is shown in the core layer (Figures 3.6(a) and 3.6(b)), which can also be 
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represented by  (Figure 3.5). This case could be a corner or an edge pixel if the process 

only analyzes the pixels in the core layer. Ridge pixels in the second layer can estimate the 

feature type according to the arc distance. Equation (3-11) provides a formal definition of this 

criterion: 

corner,	if	 candidate_1 candidate_2 6

edge,	if	 candidate_1 candidate_2 6
, (3-11)

where candidate_1 and candidate_2 are the first ridge pixel and the second ridge pixel in the 

second layer. One corner must have the shorter arc distance in the second layer than one edge. 

After topological connection analysis, this step provides the feature type and template number 

for each detected pixel. 

 

 

(a) (b) 

Figure 3.6 The identification of the feature type with two extensions: 

(a) a corner; (b) an edge. 

 

The next step involves tracing detected pixels to calculate length and categorize into 

different groups. Because each feature pixel must satisfy the topological connection criterion, 

short edge lines are likely to be noise and can be directly removed. The minimum length is 

based on the diameter of the unit cell, making it unnecessary to constrain the length with an 

additional threshold. Moreover, TGC analysis categorizes the traced pixels into several 
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classes. Detected edges with strong gradients may indicate major boundaries in the target 

image; however, illumination, reflectance, and shadows may interfere with one edge across 

various gradients. 

Shape geometry is the one invariable characteristic of detected features. TGC 

histograms indicate the gradient magnitudes of each edge connected pixel and assign the 

maximum value to represent its strength. Each edge group then has its own group number and 

magnitude of the maximum gradient. This step also generates a gradient scale to categorize 

edges into four classes according to their gradients. For image registration and object 

modeling, TGC edges can initiate these processes from the first class to the fourth class in a 

hierarchical scheme. The gradient classes enable users to easily choose wanted edges in an 

intuitive manner. 

 

3.4 Summary 

This chapter introduced the TGC procedure to detect features based on local gradient changes 

and topological connection criteria. The analyses of gradient smoothness along the feature 

alignment may lead to feature detection instead of threshold selection. In addition to these 

planimetric features, roof geometries of buildings in the object space may have some similar 

characteristics as features in the image space. The relief along structure lines should be 

smooth on the rooftop; therefore, the next chapter introduces the extension of TGC procedure 

to address point clouds for structure line detection.  
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CHAPTER 4. TOPOLOGICAL ELEVATION CONNECTION ANALYSIS 

FOR THREE-DIMENSIONAL LINE DETECTION 

 

This chapter extends TGC to address 3D point clouds. The proposed method, topological 

elevation connection (TEC) analysis, estimates the local relief with topological connection 

criteria to locate structure lines on rooftops instead of surface fitting and threshold selection. 

TEC includes four steps (Figure 4.1): (1) the pseudo-grid concept is used to generate a DSM 

to preserve elevations from point clouds and simplify the spatial relations at the local area; (2) 

the local relief and topological connection criteria are analyzed to locate lines in a DSM; (3) 

the gridded lines are applied as an index map to integrate point clouds for line formation; and 

(4) the detected results are compared with reference for validation.  

 

Figure 4.1 The workflow of TEC analysis. 

 

4.1 Pseudo-grid Generation 

This step generates the DSM to establish the spatial relations at each grid to detect initial line 

locations. Because the laser-scanning system captures all object geometries aboveground with 

considerable point clouds, the point distribution is essential for the building detection, but 

directly identifying building boundaries and superstructures using this discrete format is 

difficult. To simplify point analysis, this step implements the merits of the pseudo-grid 

concept (Cho et al., 2004) to generate the DSM to first calculate the average point density to 

estimate the DSM grid size. Each grid subsequently collects the local highest point as its 

elevation to preserve the original value without interpolation. The areas of data gaps are 

recorded as “no data” and skipped in the following step.  
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Benefits of the DSM include the specific spatial relations of local grids and less 

computation than point clouds. Each grid has a fixed number of neighborhoods to estimate 

local relief that allow the permutations of linear features to become predictable, which then 

enable the establishment of the look-up-table (LUT) instead of threshold operation for line 

detection. 

 

4.2 Structure Line Detection 

The initial line locations from the DSM are detected by analyzing the local relief using the 

TEC criteria. This study proposes three fundamental concepts of TEC for detection processes: 

(1) the local relief along the alignment must be smoother than the relief across the alignment; 

(2) each grid along one line must connect to its neighboring grids; and (3) local consecutive 

grids must suffice for the topological patterns. Under these concepts, this study proposes a 

circular kernel (the unit cell; Figure 4.2), to analyze the local relief for 3D line detection.  

Because this step requires massive computation, the kernel size is minimized. Within 

the unit cell,  represents the target grid;  indicates the elements in the unit cell,  indicates 

the number of layers, and  indicates the sequential number in each layer. Based on the unit 

cell, TEC implements two-direction analysis, radial direction and circular direction (Figure 

4.3), to identify local ridges by comparing the relief between the target grid and its 

surrounding grids. Using the classification concept, Equations (4-1) and (4-2) calculate two 

series of two-direction relief in each layer to identify ridges. Equation (4-3) sorts the results of 

Equation (4-1) and derives the minimum relief (min ) and the maximum relief (max ) 

of the radial series in each layer. Under these concepts, grids along the alignment must have 

similar relief. Equation (4-4) compares all elements in each layer with these two extrema to 

collect the candidates of radial directions: 



25 

 

Figure 4.2 The unit cell for line detection. 

 

| |
, ∆

0, ∆
, and (4-1)

| |
, ∆

0, ∆
 , (4-2)

where  is the layer number,  is the element number (  = 1,	  = 8;  = 2 or 3,  = 16),  is 

the relief of the radial direction,	  is the relief of the circular direction, and ∆  is the relief 

constraint; 

min min , ,⋯ , , ; ~ ,

max max , ,⋯ , , ; ~ ,
 , (4-3)

where min  is the minimum of radial series, max  is the maximum of radial series; and 

belongs	to	a	radial	candidate,	if	 min max  . (4-4)

  

(a) (b) 

Figure 4.3 The two-directional analyses (a) radial direction and (b) circular direction. 
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After determining radial direction, the next step is to compare the relief of circular 

directions to refine the previous candidates. Because the relief across the alignment must have 

obvious elevation differences, Equation (4-5) compares three elements simultaneously to 

identify the local peak. Following the proposed concepts, TEC intersects the radial candidates 

and the circular candidates to identify feature candidates in each layer; however, these feature 

candidates may contain noises in a small search area. After two-direction analysis, this step 

also uses the topological connection criteria to refine these feature candidates.  

Because each part of one line must connect to its consecutive grids, Equation (4-6) 

formulates these spatial relations. The proposed criteria begin with the first layer and proceed 

to the second and third layers sequentially. One candidate may be identified as a feature grid 

when it can successfully connect to the feature candidates of the other two layers. The spatial 

analyses can directly remove the noise and isolated grids when they are insufficient to the 

spatial criteria: 

belongs	to	a	circular	candidate,	if	
and	
and
or	

; (4-5)

 

	belongs	to	a	part	of	one	line,

if	

′ ∈ and	 ′ ∈ ′
and

′ ∈ ′, ′, ′ ∩ ′, ′, ′ ∃	 :candidate	grid

and
′ ∈ ′, ′, ′ ∩ ′, ′, ′ ∃	 :candidate	grid,

 

(4-6) 

Where ′ represents the filtered gird of one line in the first layer, ′ represents the filtered 

gird of one line in the second layer, and ′ represents the filtered gird of one line in the third 

layer. 
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Features contain edges and corners; therefore, the topological permutation of detected 

grids must be used to identify the feature type. Instead of the numerical operation, TEC 

develops 20 patterns to compare with feature grids in the first layer. These patterns can be 

categorized into three types (Figure 4.4): the edge, the corner, and the ambiguity. Because the 

designed patterns limit the region to 3 × 3, a number of grids may cause ambiguity and 

difficulty in identifying its feature type. For each ambiguous case, the second and third layers 

can be used to distinguish its feature type.  

Based on the connection criteria, the feature grids in the second and third layers 

provide strong geometry to estimate the feature type for the target grid. For example, Pattern 

 can be compared with the same candidate grids in the first layer (Figure 4.5); however, 

two differing conditions arise when the search area becomes larger (Figures 4.5a and 4.5b). 

The feature grids in the third layer follow Equation (4-7) to reconfirm the feature type for the 

target grid. The arc distance between  and , which are the feature grids in the third 

layer, becomes a useful geometric constraint. The target grid is then regarded as a corner if 

the arc distance is shorter than an edge. These processes can therefore separate these feature 

grids into specific feature types. 

 

 

(a) 

 

(b) 



28 

 

(c) 

Figure 4.4 The topological patterns (a) edge patterns; (b) corner patterns; 

(c) ambiguous patterns. 

 

  

(a) (b) 

Figure 4.5 An ambiguous condition at the target grid (a) a corner and (b) an edge. 

 

	belongs	to	
a	part	of	one	edge,	if	 6

a	corner,	if	 6
, 

(4-7)

where  is the first candidate grid in the third layer, and  is the second candidate grid in 

the third layer. 

 

After detection, each feature grid remains independent of its relief value; however, this 

automatic procedure may encounter redundant 3D lines that require an additional step to 

efficiently remove them. Because each line must be longer than a predetermined length, it is 

difficult to recognize the length and its redundancy in the grid-based result. According to the 

object-based perspective, this step links consecutive feature grids as a chain and replaces their 
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values with the individual identification. The connection criteria subsequently clump all 

feature grids into various groups; therefore, TEC depends on the diameter of the unit cell to be 

a length constraint for filtering. If the length of one group is shorter than the length constraint, 

this line is regarded as a redundancy and removed directly instead of using a threshold 

operation.  

In addition to the assignment of identification, TEC implements Hough transformation 

(Equation (4-8)) to split each group into multiple line segments. The accumulated number of 

Hough transforms is a constant in the process because the unit cell has already restricted the 

feature length. This constant has three grids (the radius of the unit cell) for managing short 

lines around one corner. The results can provide an index map to extract key points from point 

clouds for line formation: 

∙ cos ∙ sin , (4-8)

where ,  is the detected grid of each group in the DSM, ,  is the local origin grid 

of each group in the DSM, and  is the distance between the grid and the local origin. 

 

4.3 Three Dimensional Line Formation 

This step combines the original LIDAR point clouds with the generated index map to 

calculate 3D lines. Because the accuracy of grid-based processes depends on the grid size, an 

improper size may reduce the detection quality. The produced index map therefore has two 

objectives: key point extraction and line connection. This index map can narrow the search 

area to extract limited points. Without any geometrical knowledge, the process points are 

assumed on a plane in a small area, shown as; 

a b c. (4-9)

Furthermore, a number of grids that belong to corners help connect adjacent perpendicular 

lines; therefore, the proposed scheme provides a straightforward process without additional 
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iterative procedures or threshold operation to detect building geometries. Furthermore, the 

proposed scheme can also avoid the detection of co-planar points with region growing and the 

line intersection. 
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CHAPTER 5. DATASETS 

 

Because this study implemented the topological connection criteria using the heterogeneous 

datasets for different purposes, this chapter separates the data into two groups and describes 

them in detail. The selected targets are also introduced in this chapter. 

 

5.1 Image Datasets 

Several images derived from different sensors were analyzed to test the capability and 

applicability of the proposed scheme. The experimental images include: (1) artificial patterns; 

(2) an aerial photograph; (3) a satellite image; and (4) close-range image (low-resolution data). 

The following subsections present the details for these four cases. 

 

Case I – Artificial Patterns 

To understand the ability of topological criteria, the first case implements artificial patterns 

(Smith and Brady, 1997) in ideal step edges. These selected patterns (Figure 5.1(a)) contain 

different gradients and geometries to evaluate the TGC analysis. The gradients contain 

homogenous areas and ramps, and the geometries include linear edges, rectangles, and acute 

triangles. The reference edges and corners were manually edited for the comparison. The 

image size is 256 × 256 pixels. 

 

Case II – Aerial Photograph 

The second case uses an aerial photo derived from an Intergraph DMC II system with a 

spatial resolution of 7 cm (Figure 5.1(b)) to assess the applicability of the proposed method 

under practical conditions. In this high-resolution aerial image, the targets of interest are 

building boundaries and corners for image registration and object modeling. Image gradients 
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of focused features are dynamic because of reflectance, illumination, and shadow effects. The 

objective of this experiment was to identify building boundaries using TGC analysis. The 

reference edges were derived from the Canny operator for quality assessment based on the 

delocalization error. The hysteresis thresholds were interactively modified to estimate the best 

possible selection. Corners were also manually recognized for comparison. The image size 

reaches 1,300 × 1,300 pixels. 

 

Case III – Satellite Image 

The third case uses a GeoEye-I panchromatic satellite image (Figure 5.1(c)) to estimate the 

detection ability for lower resolution data. This satellite image has a spatial resolution of 50 

cm, with 11-bit radiometric precision. The selected target is the building boundary. This case 

also compares the detected edges with the Canny operator’s edges. The image size is 736 × 

697 pixels. 

 

Case IV – Close-range (Common Low-Resolution) Imagery 

The fourth case uses a Heath dataset (Heath et al., 1997) to evaluate the applicability of the 

proposed method for low-resolution images of common objects. The selected target is a 

manmade non-textured object, a golf buggy, with a natural background (Figure 5.1(d)). 

Hysteresis thresholds were well defined in Medina-Carnicer et al. (2010). This case compares 

detected edges with reference data to evaluate localization and completeness and uses 

comparison results to estimate the interference of background features. The image size is 548 

× 509 pixels. 
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(a) (b) 

(c) (d) 

Figure 5.1 Image datasets: (a) case I, artificial patterns; (b) case II, aerial photograph; 

(c) case III, satellite image; (d) case IV, close-range image. 

 

5.2 Airborne LIDAR Point Clouds 

The proposed scheme was evaluated with dense point clouds to detect building geometries in 

Van Heekplein, the Netherlands. The laser-scanning data were captured using the FLIMAP 

system in 2007, and the average point density reached 30 points/m2. This region is located in 

an urban area with various geometries of roofs. The selected targets included flat, stepped, 

gable, hipped, arc-shaped, and complex roofs. In addition to these roof types, this study 

detected parapets and superstructures on roofs. The experimental datasets contained four test 

areas to evaluate the applicability of TEC.  
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The first case focused on a simple building with regular geometry, including flat roofs, 

parapets, and stepped roofs. The second case used a test site with parapets, superstructures, 

flat roofs, and arc-shaped roofs. The third case increased the roof complexity with gable roofs 

and hipped roofs. The fourth case used a complex scene with multiple buildings and roof 

types. Because these superstructures may have small areas and thin shapes, region-growing 

processes may directly relate to the thresholds; therefore, these targets were the challenges in 

the experiments. The selected point clouds are color coded by elevation (Figure 5.2), and the 

geometries of each case are presented as aerial images (Figure 5.3) for visualization only. 
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(a) (b) 

(c) (d) 
Figure 5.2 The point clouds within four selected areas: 
(a) case A; (b) case B; (c) case C; (d) case D (unit: m). 

 

(a) (b) 

 
 

(c) (d) 
Figure 5.3 The spectral information of four selected areas: 

(a) case A; (b) case B; (c) case C; (d) case D. 
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CHAPTER 6. RESULTS AND DISCUSSIONS 

 

This chapter evaluates the topological connection criteria by comparing the reference datasets 

with the detected features. In image processing, manually edited features and the Canny edges 

were considered for the comparison. The indices used include the root mean square error 

(RMSE) and the figure of merit (FOM) (Abdou and Pratt, 1979) to estimate the delocalization 

errors and the consistency. In LIDAR processing, the reference lines were manually measured 

from the stereo aerial photos to calculate spatial differences, and RMSE was used to evaluate 

the delocalization errors in three axes.  

 

6.1 The Comparison for Image Processing 

Four experimental images were produced (Figure 5.1). For the aerial photograph and satellite 

image, enhanced images depict features within shadow areas (Figure 6.1) (note that these 

enhanced images were not used in the detection process). The detected results for each case in 

these four categories are based on the gradient magnitudes (Figure 6.2). 

(a) (b) 

Figure 6.1 Enhanced images: 

(a) case II, aerial photograph and (b) case III, satellite image. 
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(a) (b) 

(c) (d) 

Figure 6.2 Experimental results: 

(a) case I, artificial patterns; (b) case II, aerial photograph; 

(c) case III, satellite image; (d) case IV, close-range image. 

 

Both absolute and relative reference features were considered to confirm the results. 

Because of identification differences, the Canny and TGC operators locate edges differently. 

Canny edges require optimal thresholds to derive better results; TGC edges are based on the 

analysis of topological connections to extract edges in the image’s bright areas. In addition, 

human perception is also an important way to identify features for registration and 
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reconstruction in photogrammetry. Absolute reference data thus provide the basis for 

estimating the quality of detected results, including manually depicted boundaries and plotted 

corners. Note that the resolution of images in cases III and IV is low, which produces large 

uncertainties in corner identification; thus, instead of corners, both cases were only analyzed 

for edges.  

The Canny operator was also implemented for the relative reference edges and 

compared with the absolute reference edges (Figures 6.3 and 6.4). This study compares TGC 

edges and Canny edges to evaluate the relative quality (Table 6.1). To evaluate the quality of 

reference datasets, three operators repeatedly delineated edges (Figure 6.5), and the same 

parts of these depicted edges were used for comparison. The index used to check consistency 

was the root mean square difference (RMSD). 
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(a) (b) 

  

(c) (d) 

 

(e) (f) 

Figure 6.3 Absolute reference datasets: 

(a) edges of case I; (b) corners of case I; (c) edges of case II; 

(d) corners of case II; (e) edges of case III; (f) edges of case IV. 
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(a) (b) 

 

(c) (d) 

Figure 6.4 Relative reference datasets: 

(a) edges of case I; (b) edges of case II; (c) edges of case III; (d) edges of case IV. 

 

   

(a) (b) (c) 

Figure 6.5 Three reference edges for the consistency check of absolute references 

(a) the 1st reference edges; (b) the 2nd reference edges; (c) the 3rd reference edges. 
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Table 6.1 The optimal thresholds used by the Canny operator. 

Case No. 
Threshold Used 

TGC Canny Threshold 
Std. Std. Low High 

I - - 0.000 0.005 
II 1 1 0.010 0.152 
III 1 1 0.015 0.065 
IV 1 0.6 0.045 0.151 

 

RMSE (Equation (6-1)) and FOM (Equation (6-2)) were used to evaluate the 

delocalization error and the completeness, respectively. The RMSE indicates the difference in 

the Euclidean distance between the detected features and reference data. When the FOM 

reaches 1.0, the detected results perfectly match the reference data. To ensure completeness, 

different levels of feature gradients were selected in each of the four cases to compare the 

detected features with the reference features. The RMSD, which is the consistency of 

reference datasets, reached 1.022 pixels. The absolute comparisons (Table 6.2) and the 

relative comparisons (Table 6.3) indicate that the difference between TGC edges and Canny 

edges is less than one pixel (Table 6.2).  

In addition to the mathematical evaluations, human visual judgment also provides an 

important comparison (Heath et al., 1998). The highest FOM of each real case is selected to 

illustrate the differences between Canny edges and TGC edges for side-by-side comparison 

(Table 6.3; Figure 6.6):  

RMSE
∑

, (6-1) 

where  is the function of delocalization error,  is the number of detected pixels, 

,  is the coordinate (sample, line; Figure 4.2) of the  detected pixel, and ,  is 

the coordinate of the  reference pixel. The figure of merit is given by: 
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FOM
1

max ,
1

1 ∙
, (6-2) 

where  is the number of reference pixels, and  is a constant with an empirical value of 1/9. 

 

Table 6.2 The absolute comparison results. 

Case No. Feature Type Method Gradient Level RMSE (pixel) 

I 
Edge 

TGC 1, 2, 3, 4 0.318 
Reference Canny - 0.549 

Corner TGC - 1.758 

II 
Edge 

TGC 
1 1.877 

1, 2 2.087 
1, 2, 3 2.174 

Reference Canny - 1.752 
Corner TGC - 2.630 

III Edge 
TGC 

1 1.361 
1, 2 1.532 

1, 2, 3 1.649 
Reference Canny - 1.628 

IV Edge 
TGC 

1 1.482 
1, 2 1.691 

1, 2, 3 1.767 
Reference Canny - 1.407 

 

Table 6.3 The relative comparison results. FOM is figure of merit (1.0 represents perfect 

matching). 

Case No. Feature Type Gradient Level RMSE (pixel) FOM 

I Edge 
1, 2, 3, 4 0.587 0.966 

1 1.204 0.860 

II Edge 
1, 2 1.530 0.667 

1, 2, 3 1.687 0.506 

III Edge 
1 1.147 0.595 

1, 2 1.351 0.833 
1, 2, 3 1.563 0.759 

IV Edge 
1 1.220 0.577 

1, 2 1.378 0.778 
1, 2, 3 1.494 0.720 
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(a) (b) 

 

(c) (d) 

 

(e) (f) 

Figure 6.6 Visual comparisons: 

(a) Canny edges of case II; (b) TGC edges of case II; (c) Canny edges of case III; 

(d) TGC edges of case III; (e) Canny edges of case IV; (f) TGC edges of case IV. 
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In addition, this study also conducted experiments on the threshold dependence of the 

Canny operator to illustrate variations in feature quality. The test thresholds of the Canny 

operator concentrate on the range from 0.0 to 0.2. The change patterns of three practical cases 

indicate that the Canny operator has a high threshold dependence with selected hysteresis 

thresholds (Figure 6.7). The number of detected pixels significantly reduces when hysteresis 

thresholds are slightly modified; therefore, the selection of hysteresis thresholds with the 

Canny operator requires experience for manual modification. By comparison with Canny 

edges, these indices indicate that the TGC can detect features with a low threshold 

dependency with similar accuracy. 

 

 

(a) (b) (c) 

Figure 6.7 The histogram pattern of different hysteresis thresholds: 

(a) case II; (b) case III; (c) case IV. 

 

6.2 The Comparison for LIDAR Processing 

This study used a constant threshold to detect 3D lines within four areas to reflect the minimal 

tolerance of local relief, which was set to 0.200 m. In the quality assessment, the detected 

accuracy and consistency check with elevations of raw points were estimated. 

 

6.2.1 Comparison with the Reference Lines 

The detected 3D lines in the four cases, which are color coded by elevation (Figure 6.8), show 
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that the proposed scheme successfully detected building geometries, parapets, and 

superstructures. Before the quality of the detection was estimated, this step also evaluated the 

consistency of the reference data used, which were repeatedly measured from aerial 

stereopairs by three operators. Three independent boundaries were used for the comparison 

(Figure 6.9). The RMSD of reference datasets reached 0.139 m in the E-axis, 0.143 m in the 

N-axis, and 0.313 m in the H-axis. According to the 3D Euclidean differences between the 

detected lines and reference data (Table 6.4, RMSE), the proposed scheme reached a relative 

accuracy of 0.200 m in the E-axis, 0.200 m in the N-axis, and 0.300 m in the H-axis. Because 

the proposed scheme simultaneously detects corners and edges from designed patterns, these 

attributes can facilitate the directly connection of adjacent lines if their vertices are closed 

within the radius of the unit cell. 

The first case explicitly represents parapets with two parallel lines and a number of 

small structures on rooftops; the second case demonstrates the ability of TEC to shape flat and 

arc-shaped roofs simultaneously; the third case illustrates the ridgelines on gable and hipped 

roofs; and the fourth case indicates that TEC can manage multiple buildings and various types 

of roofs. For visualization of spatial differences, this step also overlaid these two sets of 

vector lines (Figure 6.10). Following these two overlapping layers, the differences of 

boundaries are closed. In addition to building boundaries, TEC can deliver detailed 

geometries of focused rooftops, especially arc-shaped and hipped roofs. 
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(a) (b) 

 

(c) (d) 

Figure 6.8 The detected 3D lines from TEC: 

(a) case A; (b) case B; (c) case C; (d) case D (unit: m). 

 

 

(a) (b) 

 

Figure 6.9 The consistency check for reference datasets (a) case A; (b) case D. 
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Table 6.4 The evaluation results with the models from aerial stereopairs in the object space. 

Case No. Roof type Superstructures 
RMSE (m) 

E-axis N-axis H-axis 
A Flat 

Parapets and 
micro-structure 

0.159 0.161 0.249 

B 
Flat and 

arc-shaped 
0.198 0.238 0.319 

C Gable and hipped 0.205 0.215 0.202 
D Complex 0.212 0.196 0.256 

 

 

(a) (b) 

 

(c) (d) 

Figure 6.10 The detected 3D lines from TEC: The spatial differences between TEC 

lines and reference data: (a) case A; (b) case B; (c) case C; (d) case D. 

 

6.2.2 Comparison with Raw Points 

To estimate consistency, the difference between the detected lines and original point clouds 

was compared. The detected lines were overlaid on the point clouds to calculate the elevation 

displacements. Each line searches neighboring points and computes the summation of 
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elevation displacements along the alignment. For visualization, detected results and point 

clouds are shown as white lines and color-coded clusters, respectively (Figure 6.11), and 

comparisons were made using the indices of RMSE-H (Table 6.5). The results indicate the 

high consistency between the used datasets and detected lines with low variations. The 

RMSE-H of each case is below 0.100 m. 

 

(a) (b) 

(c) (d) 
Figure 6.11 The overlapping results with LIDAR data: 

(a) case A; (b) case B; (c) case C; (d) case D. 
 

Table 6.5 The results of elevation consistency with the LIDAR data. 

Case No. Roof Type Superstructures 
RMSE (m) 

H-axis 
A Flat 

Parapets and micro-
structure 

0.084 
B Flat and arc-shaped 0.077 
C Gable and hipped 0.121 
D Complex 0.111 
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CHAPTER 7. RELATED APPLICATIONS 

 

Because the detection process could be a fundamental step for further works, this chapter 

briefly introduces three experiments based on the topological connection technique: image 

matching (Lo and Chen, 2013c), data registration (Lo and Chen, 2013d), and change detection 

(Lo and Chen, 2012). The preliminary results indicate possible applicability with the proposed 

scheme. 

 

7.1 Integration of Corners and Edges for Image Matching Using Aerial Images 

This chapter introduces the application for image matching based on the TGC technique in 

which the TGC operator can achieve automatic extraction of corners and edges from each 

aerial image used. The proposed matching process then integrates the feature geometry, 

epipolar geometry, and spectral information along the alignment to identify conjugates. These 

constraints address the repetitive patterns and occlusions. In addition, the detected features 

may also reduce the number of comparison in the matching process. 

 

7.1.1 The Background and Motivations 

Image matching is an important step in photogrammetry to link multiple images with 

conjugate features for wide applications, especially modeling and registration. Three 

fundamental techniques have been developed, including intensity-based, feature-based, and 

relational matching (Gruen, 2012). The factors considered to identify conjugates may 

comprise the similarities of gray value distribution, feature geometry, network structure, and 

others; however, the matching result may directly relate to the requirements of initial 

constraints, occlusions, feature completeness, and convergent criteria for different conditions. 

Improving the matching process remains a challenge task. 
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The intensity-based method for the matching procedure is the simplest and most 

straightforward. Two common methods, the cross-correlation and least squares matching 

(LSM), compare the kernel center with its surrounding gray values to estimate the spectral 

similarity and reach sub-pixel accuracy; a reliable result is based on proper initial values and 

window sizes. Area processing may also create ambiguities from occlusions and repetitive 

patterns. To improve the process, epipolar geometry can be applied during the matching 

process to enhance accuracy and lower ambiguities with geometric criteria (Otto and Chua, 

1989; Baltsavias, 1991; Zhang and Gruen, 2006). For occlusions, a three-window matching 

method, Center-Left-Right (CLR) matching, was proposed to change window locations and 

estimate the correlations along the building boundary (Hsu, 1999). Feature geometry is 

another clue used to estimate the correspondence between conjugates. The feature-based 

concept matches targets using several criteria, including shape, network structure, and spectral 

information, with points, corners, edges, and patches (Christmas et al., 1995; Smith and 

Brady, 1997; Lowe, 2004; Rosten and Drummond, 2006).  

Based on the results, previous studies have achieved reliable matching results under a 

controlled environment and appropriate thresholds. Gray value comparison, feature geometry, 

and geometric constraint have each contributed to matching methods, yet the urban area is a 

complex environment with different objects such as buildings and trees. These objects may 

cause occlusions, shadow, and repetitive patterns that increase matching errors.  

Overcoming these problems also remains a challenging task; therefore, this study 

employed a feature-based strategy to identify conjugates that combines epipolar geometry, 

feature geometry, and gray value distribution. To reduce the influence of selected detection 

thresholds, an automatic operator was used to extract features in different images. Image 

corners and edges were employed simultaneously. This study selected aerial imagery to 

evaluate the proposed scheme in an urban area that contains buildings, trees, and sports fields. 
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7.2.2 Feature-based Image Matching 

The proposed scheme has two steps: feature detection and image matching. Datasets are the 

multiple aerial images, and the detection process finds corners and edges for each image 

independently. The matching process then computes the differences of feature orientation, 

spectrum, and geometric constraints along the epipolar lines (Figure 7.1). 

 

 

Figure 7.1 Workflow. 

 

7.2.2.1 Feature Detection 

To find conjugates using image corners and edges, this step used the TGC operator (Lo and 

Chen, 2013a) to detect features dependent on the gradient orientation instead of threshold 

operation. In addition, edges and corners can be derived simultaneously. The basic concepts 

of TGC are: (1) every feature can be decomposed to a 3 × 3 area; (2) gradients along one 

alignment should be smoother than gradients across one alignment; and (3) each feature pixel 

should connect its adjacent pixels.  

TGC therefore establishes a basic kernel and implements a two-direction analysis, 

including the radial direction and the circular direction, to estimate the gradient orientation. 

This kernel has three layers (Figure 7.2), where T is the central target, C is the core layer, E1 is 

the first layer, and E2 is the second layer; and a two-directional gradient analysis that includes 

radial direction and circular direction (Figure 7.3). TGC then identifies candidates and checks 

the connection criterion within these three layers to identify feature pixels. Note that TGC 

only requires single constant threshold, which is set for Gaussian smoothing; therefore, this 

operator can be implemented to process multiple images with the same criteria. 
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(a) (b) 

Figure 7.2 The kernel. 
Figure 7.3 Two-direction gradient analysis 

(a) radial direction; (b) circular direction. 

 

7.1.2.2 Image matching 

This step analyzes the epipolar geometry, feature geometry, and gray value distribution using 

multiple images. Each feature in the master image can be back-projected to the slave images 

to limit the searching area along the epipolar line. This projected zone can intersect features to 

derive several candidates (Figure 7.4). The following process compares the similarity of 

feature geometry between the target in the master image and candidates in the slave images. 

The similarity indices include the corner orientation and arc angle. This step also implements 

the normalized cross-correlation coefficient (NCC) to estimate the spectral correspondence. 

To solve the occlusion problem, this step only processes the target pixels along the alignment. 

Because the focused pixels are constrained, this process can reduce the computation and 

achieve the rotation-invariant. The space intersection is then used to check the correctness in 

the object space (Figure 7.5). When three object points are close within the distance threshold, 

the matching process then identifies the conjugates. 
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Figure 7.4 The epipolar geometry of multiple 

aerial images. 

Figure 7.5 The convergence of matching 

process. 

 

7.1.3 Experimental Results 

Three consecutive aerial images of the same flight strip captured by DMC II with a 10 cm 

spatial resolution in 2011 were selected to exam the proposed method (Figure 7.6). The 

overlapping ratio along the track reaches 80%. The matching process has five thresholds, 

including the elevation range, the cross-correlation coefficient, angle difference, arc 

difference, and convergence distance. The elevation range considered in this study is from 0 

to 70 m for the focused building height in an urban area, and the correlation constraint is 0.5. 

The feature orientation differences tolerate 45° of direction angle and 60° of arc difference. 

The convergence distance is set to 0.6 m.  

The results of detected corners and edges in the master image and slave images 

(Figure 7.7) indicated that the proposed scheme detected 287,994 corners in the master image 

and successfully matched 208,678 conjugates. To validate the matching quality, reference 

conjugates were produced and compared with the experimental results (Table 7.1). The 

successful matching rate is about 72.46%, and the correctness reaches 85.6% with these 1,000 

manually edited points. According to these results, the feature geometry can be used to 

identify conjugates and remove matching errors automatically. 
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To exhibit conjugate distribution, all matched points in each image were plotted 

(Figure 7.8), and the 3D coordinates of matching results were also calculated and plotted 

(Figure 7.9). These elevation points indicate that the relief of matched results changes 

smoothly with the repetitive patterns and occlusions along the building boundary. The three 

cases were enlarged to represent the matching ability (Figure 7.10). 

 
Table 7.1 The matching results. 

The number of targets 287,994 
Successful number 208,678 

Successful rate 72.46% 

 
Reference points 1,000 
Correct number 856 

Correct rate 85.6% 
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(a) (b) (c) 

Figure 7.6 The used aerial images (a) slave-1; (b) master; (c) slave-2. 

 

 

(a) (b) (c) 

Figure 7.7 The detected corners and edges (a) slave-1; (b) master; (c) slave-2. 

 

   

(a) (b) (c) 

Figure 7.8 The distribution of matched conjugates (a) slave-1; (b) master; (c) slave-2.
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(a) (b) 

Figure 7.9 The matched point clouds 

(a) points colored by RGB; (b) points colored by elevation (unit: m). 

 

 
(a) (b) (c) 

 
(d) (e) (f) 

 
(g) (h) (i) 

Figure 7.10 Examples of matching results 

(a) case 1 (slave-1); (b) case 1 (master); (c) case 1 (slave-2) 

(d) case 2 (slave-1); (e) case 2 (master); (f) case 2 (slave-2) 

(g) case 3 (slave-1); (h) case 3 (master); (i) case 3 (slave-2). 
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7.1.4 Summary 

This study proposed a feature-based method to identify conjugates with image corners and 

edges. Based on the preliminary results, our chosen criteria help to identify conjugates and 

filter out noises. Even occlusions along the building boundary and repetitive patterns could be 

addressed in the urban area. The correct matching rate reaches 85.6% compared with the 

reference data; however, the matching scheme should be improved to increase the correct rate. 

A matching error may exist due to the features missing from the slave images. 

  



58 

7.2 Feature-based Registration for Aerial Images and 3D Building Models 

This application focuses on the registration for aerial images and 3D building models. The 

process aims to develop a pre-processing step for further research, such as change detection. 

The TGC operator can provide detailed edges with connected shapes for comparison between 

the edge structures and building geometries. The preliminary results of the proposed method 

indicate that the topological connection criteria could register two heterogeneous datasets 

using their feature correspondences. 

 

7.2.1 The Background and Motivations 

The geodatabase and aerial imagery are two essential data sources that provide rich spatial 

information and spectral information; however, these heterogeneous datasets may introduce 

relative displacement because they are produced from different data sources and time points. 

In texture mapping and change detection, data registration is a necessary step to reduce this 

displacement and produce precise correspondence. In the last decade, many related works 

have addressed this objective with varied strategies, including model-based (Habib et al., 

2006; Cha et al., 2006; Ancuti et al., 2009; Liu, 2009; Akca, 2010), image-based (Zagrouba et 

al., 2009; Shi and Shaker, 2006; Liu et al., 2009), among others. These related works 

employed points, lines, or patches to identify the correspondence between the heterogeneous 

datasets.  

Among the literature, the feature point is the common target for processing because of 

its specific feature geometry. Feature points can be used to derive optimized registration 

results, which might be occlusion-free and less ambiguous, with well-defined thresholds; 

however, the geometric distribution and spectral distribution of the feature points are the 

critical factors. Occlusions, shadows, and similar patterns may interfere with the registration 

quality due to the weak distribution geometry and ambiguities of detected points. 
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The feature line is an alternative option for the registration process. Based on the merit 

of edges, the linear geometry enables identification with explicit feature orientation. The 

Hough transform then can be integrated into the registration through analyzing the edge 

distribution in the parametric space. Because the selected thresholds may cause broken edges, 

the Hough transform can merge these pieces into a complete line depending on the thresholds 

of an angle and a distance. This parametric analysis can provide complete lines for the 

registration, but closed edges with the similar orientation may still produce ambiguities. To 

solve the ambiguities, Zhang et al. (2008) considered the characteristics of edge geometry 

within the object space and image space to identify the feature correspondence. They defined 

the edge as many consecutive points, which are generalized points, to indicate the feature 

orientation with the mathematical models instead of Hough transform. Their proposed scheme 

contributed to finding the correspondence for free-form features.  

According to the results of related works, these local features provide significant clues 

to register the datasets under specific assumptions. The ongoing issue is to improve the 

applicability for additional conditions, which include the shadows or occlusions. Lo and Chen 

(2013d) analyzed the edge structure in the Hough space for the registration between aerial 

images and 3D geodatabases. To assess quality of this edge-based approach, the current study 

simulated different image orientation to identify the applicability. In addition to the evaluation, 

this study also employed the TGC operator (Lo and Chen, 2013a) to detect feature edges 

automatically; therefore, the proposed scheme could achieve the registration with one distance 

threshold. 

 

7.2.2 Feature-based Registration using TGC 

The proposed scheme contains three steps: (1) pre-processing; (2) data registration; and (3) 

quality assessment (Figure 7.11). The first step is to detect image edges and project building 
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boundaries to the image space for processing. The second step translates image edges and 

projected edges to the Hough space for the estimation of correspondence. The last step 

simulates different exterior orientations of aerial images for quality assessment.  

 

 

Figure 7.11 The workflow. 

 

7.2.2.1 Pre-processing 

The two parts in this step are projecting 3D building boundaries into the image space and 

detecting image edges. Because the onboard global positioning system (GPS) and inertial 

navigation system (INS) can provide the initial camera position, the approximate relative 

position between aerial imagery and the geodatabase is known; therefore, this step can project 

building boundaries and delineate the initial building contours in the image space. The 

fundamental mathematical equation is the collinearity condition equation. In addition, 

subsequent steps depend on the projected position to open a working area along the projected 

edges and detect image edges. Based on the variety of building textures, TGC analysis was 

implemented to detect image edges for each targeted building. Considering the threshold 

influence, an automatic detector was selected instead of threshold selection. According to the 

merits of TGC, this edge detector can locate feature lines based on the topological criteria 

with a constant threshold, which is used for the Gaussian smoothing process. 
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7.2.2.2 Data Registration 

Each building has its own geometry, which can be an important clue for the comparison. Each 

building can represent its geometry as a parametric pattern in the Hough space (Figure 7.12); 

therefore, the projected edges and detected edges are translated into the Hough space to 

compare the correspondence. This step iteratively modifies the radius of the work area to 

reduce the number of candidates. The iteration converges when the refinement is within the 

threshold. The process identifies the registered position (Figure 7.13), which has the 

advantage of comparing two distributions simultaneously to identify the candidates of image 

edges that belong to the target building.  
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(a) (b) 

  

(c) (d) 

Figure 7.12 An example of two buildings 

(a) building I; (b) building II; (c) Hough pattern I; (d) Hough pattern II. 

 

 

Figure 7.13 The registration process. 
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7.2.2.3 Quality Assessment 

Limitations are tested in this step by tuning the exterior orientation of images to simulate 

different registration conditions and estimate the successful rate. These orientation parameters 

are then progressively increased with designed errors. The simulated orientation then projects 

building boundaries in the image space to compare the correspondence with detected edges. If 

the registration process is successful, this step also calculates the RMSE to validate the result. 

For this purpose, the manually edited positions are referred. 

 

7.2.3 Experimental results 

For the registration experiment, the aerial image was captured from the DMC system in 2009 

with a spatial resolution of 0.17 m; the size of the working area was 80 pixels width. The 

exterior orientation of the image was calibrated, and targets were selected (Figure 7.14) and 

processed to detected edges and register results (Figure 7.15 and 7.16). The correct registered 

results (Table 7.2) and the calibrated orientation were overlaid on the aerial image (Figure 

7.16). Compared with the reference, the registration accuracy with the calibrated Exterior 

Orientation Parameters (EOP) can be proven to one pixel in the directions of sample and line.  

The next step then estimates the limitation of the proposed scheme with different 

qualities of EOP. For example, based on the trend of two images under different conditions of 

simulated EOP, the registration accuracies of position and orientation (Figure 7.17 and Figure 

7.18) indicate that the proposed scheme is sensitive to the quality of orientation. Within 3 m 

of positioning quality, the registration accuracy can converge to 1.5 pixels. 
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(a) (b) 

  

(c) (d) 

Figure 7.14 The selected buildings 

(a) the aerial image of case I; (b) the aerial image of case II; 

(c) the building model of case I; (d) the building model of case II. 

 

  

(a) (b) 

Figure 7.15 The detected edges from aerial imagery (a) case I; (b) case II. 
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(a) (b) 
Figure 7.16 The registered results with calibrated orientation (a) case I; (b) case II.

 

Table 7.2 Registration results with the calibrated EOP. 

RMSE 
(unit: pixel) 

Sample Line 

Case I 0.976 1.380 
Case II 1.251 1.189 

 

 

Figure 7.17 The sensitivity experiment for the position. 

 

Figure 7.18 The sensitivity experiment for the orientation. 
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7.2.4 Summary 

This study proposed an edge-based registration process for the aerial imagery and 3D 

geodatabase. The automatic feature detector, TGC, was also employed to extract edges for the 

comparison with the building boundaries; therefore, this registration process can use one 

threshold, the radius of searching area, to find the correspondence. Based on the results of 

quality assessment, the registration accuracy can be within 1.5 pixels with the calibrated EOP. 

The proposed scheme has been tested with the simulated errors within ±3 m and ±0.75° from 

the aerial image used. The results indicate that the parametric analysis may be sensitive to the 

orientation quality. 
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7.3 Feature Analyses For Geo-database Maintenance Using Aerial Imagery and LIDAR 

Data 

 

Following the techniques of proposed detection methods and registration approach, the 

processes of TGC and TEC were combined for change detection in urban areas. Planimetric 

features and 3D structure lines in new datasets can provide strong feature geometries to 

compare old building models. The TGC and TEC operators allow this change detection 

process to identify changed buildings using linear features instead of surface comparison. The 

preliminary results indicated that these detected features could recognize the geometrical 

correspondence with existing building models. The proposed scheme showed that partially 

changed buildings also could be detected by detected edges of superstructures. 

 

7.3.1 The Background and Motivations 

Following urban evolution, a timely update of residential conditions is an essential task for 

the geodatabase maintenance; nevertheless, the establishment of an entire geodatabase 

requires substantial effort. From a cost point of view, the detection of changed buildings may 

provide an efficient way to maintain the geodatabase with focused targets. In addition, the 

benefit of change detection may also help the increment of maintenance frequency to monitor 

urban evolution and identify illegal buildings (Bouziani et al., 2010). Based on these 

considerations, many studies have proposed different approaches using varied datasets 

including aerial imagery (Knudsen and Olsen, 2003), satellite imagery (Metternicht, 1999; 

Bouziani et al., 2010; Champion et al., 2010; Koc-san and Turker, 2012; Du et al., 2012), and 

aerial imagery and airborne LIDAR data (Chen et al., 2012).  

In image analysis, the classification concept involves the detection processes using 

multi-temporal images. Metternicht (1999) implemented a fuzzy approach to segment 
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building areas with collected training sets and compared with satellite imagery by the spectral 

distribution and marked changed areas for geodatabase maintenance. The fuzzy sets used may 

require prior knowledge to collect suitable training sets for deriving better results, however. 

For this reason, Knudsen and Olsen (2003) considered the existing database to identify the 

spectral distribution within building areas from aerial images and generate training sets for 

supervised classification. The drawback is that their spectral analysis is limited to the surface 

characteristics of rooftops, and the material factor of building rooftops may cause higher false 

classifications.  

To remedy the rooftop material problem, Bouziani et al. (2010) employed geometric 

criteria with numerical parameters from the existing geodatabase to segment building areas in 

the latest satellite images for updating. Their limitation might be constrained by shadows and 

occlusions, which disturbed building shapes and caused higher segmentation errors in the 

image space. In addition to change detection processes by image processing, Koc-san and 

Turker (2012) simultaneously conducted the classification and 3D geometric criteria to 

identify changed buildings using satellite images and DSMs. The existing geodatabase 

provides initial building areas to analyze the spectral distribution and compute geometric 

parameters. The prior information is then compared with new images for detection processes. 

For reconstruction, LIDAR data were integrated in the change detection processes to estimate 

elevation changes (Chen et al., 2012). They considered the spectral information and the point 

distribution to identify changed buildings and reconstruct new buildings for updating. 

According to the previous studies (Chen et al., 2012), the combination of high-

resolution images and LIDAR data is a way to use change detection for geodatabase 

maintenance. Within their results, the multi-layer decision tree systematically collected 

building information from images and point clouds. In the decision processes, the detection of 

building locations and areas is highly related to the point distribution and the point density; 
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therefore, the selected thresholds play important roles, which directly influence detection 

results. To reduce the constraints of thresholds used, this study proposed a feature-based 

analysis to detect building boundaries for comparison using aerial images and point clouds. 

The proposed scheme implemented the techniques of feature detection for aerial images and 

LIDAR data for change detection. Additionally, data registration (Lo and Chen, 2013d) was 

also considered in the processes to reduce data displacement. The existing geodatabase 

provides the initial locations of buildings for feature detection, and this study then identifies 

the changed buildings when the target boundary mismatches the detected linear features. 

 

7.3.2 Feature-based Change Detection 

The three steps in this study are (1) feature detection, (2) data registration, and (3) change 

detection of existing building models. The proposed scheme analyses the local distribution to 

detect features from aerial images and point clouds. Two detected results contain planimetric 

feature lines and 3D structure lines to compare with existing building models for registration. 

The next step then refines the relative locations to compare with building geometries. These 

changed buildings are marked and used to update geodatabase (Figure 7.19). 

 

 

Figure 7.19 The workflow of proposed scheme. 

 

7.3.2.1 Feature Detection 

To derive features for registration and change detection automatically, the TGC operator (Lo 

and Chen, 2013a) and the TEC operator (Lo and Chen, 2013b) were implemented to identify 
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linear features from aerial images and LIDAR data. Because each linear feature can be 

separated into several simple pieces, this study proposes a basic kernel to analyze the local 

distribution with a designed kernel. The local distribution of each line should have small relief 

along the alignment and large relief cross the alignment. This concept is then used to identify 

candidate feature grids using two directions, circular and radial. To improve feature detection 

processes, we designed 20 patterns to compare with local candidate grids instead of threshold 

operations (Figure 4.4). After the candidate collection, this step derives image lines and 3D 

structure lines from aerial images and airborne LIDAR data for subsequent steps. 

 

7.3.2.2 Data Registration 

In this process, the data displacement is estimated based on unchanged buildings in the 

geodatabase, aerial images, and LIDAR data. Because these heterogeneous datasets were 

captured from different sensors and production time, the data displacement may influence the 

results of change detection. This step addressed the problem by selecting some control points 

for the global registration. Because each building boundary has its own specific geometry, 

different buildings have different parametric patterns in Hough space (Figure 7.12); therefore, 

detected image lines and 3D structure lines can be compared with existing building models to 

refine the global registration results. 

 

7.3.2.3 Change Detection 

In this step, registered features are compared with existing building models and used to 

identify changed targets by the geometric differences based on selected definitions: one 

totally changed building may have a different boundary and rooftop elevation; and one 

partially changed building may have unmatched structure lines or some removed sub-objects. 

According to the definitions, the proposed scheme identifies elevation changes and boundary 



71 

geometry to mark totally changed buildings first with an elevation threshold (Hthe), an angle 

threshold (θthe), and a number of structure lines (Nthe). Note that the purpose of the angle 

threshold is to compare the orientation of detected lines with existing building models for 

change detection processes. The subsequent step then identifies partially changed buildings 

with unmatched structure lines within the building boundary. 

 

7.3.3 Experimental Results 

To model the proposed scheme, this study selected Neihu district, Taipei City, as a test area in 

Taiwan. Eleven building models from the existing geodatabase were produced using aerial 

stereopairs from 2007. The latest aerial image was captured in 2011 with a 10 cm spatial 

resolution by DMC II; Leica ALS50 scanned the LIDAR data with the density of 10 points 

per square meter in 2011. The elevation range of point clouds is from 3.44 to 44.89 m. The 

datasets included the previous building models, the latest aerial image, and LIDAR data 

(Figure 7.20). After processing, the detected results of image edges and 3D structure lines 

were produced (Figure 7.21).  

The proposed scheme uses these features to identify the changed parts of previous 

building models. In the classified results (Figure 7.22), red and green lines are used to indicate 

existing buildings and detected structure lines. The changed buildings and removed buildings 

are marked as yellow polygons and black polygons, respectively. Because some structure 

lines of cooling systems exist on rooftops, these buildings are regarded as changed parts 

(Table 7.3). In addition, some ambiguities are marked as red polygons because these objects 

only exist in aerial imagery. These three polygons thus are missed in the change detection 

processes because the detected features are inconsistent in the aerial imagery and LIDAR 

data. These three small targets only exist in the aerial imagery so that the proposed scheme 

cannot identify their conditions in the processes.  
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(a) (b) (c) 

Figure 7.20 The used datasets in the test area 

(a) previous buildings; (b) aerial imagery; (c) airborne LIDAR data. 

 

(a) (b) 

Figure 7.21 The detected features from used datasets 

(a) image edges; (b) 3D structure lines. 
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Figure 7.22 The detected results in the test area. 

 
Table 7.3 The classification results. 

Total polygons in the previous geodatabase 44 
Changed parts 5 
Removed parts 6 
Missing parts 3 
Unchanged parts 30 

(Unit: polygon) 
 

7.3.4 Summary 

The proposed scheme builds on the previous works for data registration and change detection 

using detected linear features by integrating aerial imagery and airborne LIDAR data. The 

preliminary results indicate that changed buildings and removed buildings were successfully 

identified, so that the proposed scheme can update changed parts of the geodatabase in this 

small area. In the validation of preliminary results, of the 44 polygons estimated for change 

detection, the proposed scheme successfully identified 41 polygons and missed 3 polygons, 

but these were small objects and only existed in aerial imagery. 
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CHAPTER 8. CONCLUSIONS AND FUTURE WORKS 

 

This study proposed topological connection analyses to conduct a single threshold for feature 

detection using spectral images and airborne LIDAR data and found that the automation of 

feature detection was improved while preserving the detected quality. This chapter 

summarizes the achievements, limitations, and our future works in image processing and 

LIDAR processing. 

 

8.1 Conclusions 

The achievements of this study are summarized in the following. 

1. In image processing, TGC detects features from four different image sources including an 

artificial pattern, an aerial photograph, a satellite image, and a close-range (low-

resolution) image. The proposed scheme can extract edges and corners simultaneously. A 

comparison between TGC edges and Canny edges shows that the spatial constraint is 

effective for feature detection without threshold selection. The difference of these two 

kinds of edges is within 1 pixel. The delocalization errors for detected edges and corners 

are less than 2 pixels and 3 pixels, respectively. The experimental results also indicate that 

the image size does not affect the detected quality. 

2. The TGC analysis provides an automatic approach to detect edges and corners for 

subsequent image registration or object modeling. This scheme, which achieves a lower 

FOM, is capable of detecting more detailed information and may help image registration 

in identifying features with priority settings. Features with strong gradients have a higher 

priority to proceed, and other features with lower gradients can compensate for the 

completeness of detected scenes. Suggestions for future photogrammetry research should 

focus on developing edge-based image registration and object modeling to improve their 
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reliability and automation. 

3. In LIDAR processing, the coarse-to-fine concept for dense airborne LIDAR data was 

proposed to detect approximate lines from a DSM and refine stepped results using point 

clouds. To generate the DSM, the proposed scheme directly estimates the grid size 

according to the point density. The average point density of LIDAR data reached 30 

points/m2; however, the proposed scheme requires only a single threshold, the minimal 

local relief, which is an empirical value and is fixed for multiple buildings. TEC depends 

on this constraint to identify elevation discontinuities and fine-tune topological connection 

criteria. This study selected four test areas with different complexities for evaluation. The 

focused targets included varied building geometries, superstructures, parapets, and roof 

types. Compared with the reference, the relative accuracy of the detected 3D lines reached 

0.200 m in the E-axis, 0.200 m in the N-axis, and 0.300 m in the H-axis. The elevation 

consistency with the LIDAR data was approximately 0.100 m. 

4. Based on the experimental results, this study indicated that TEC can achieve accurate 

results and manage various building shapes by using a single threshold. This contribution 

includes the improvement of automation and adaptability for the detection process without 

requiring the selection of a seed point. The detected lines can provide accurate skeletons 

to identify slope roofs and flat roofs for building reconstruction.  

5. According to the preliminary results of proposed application, the topological connection 

analyses indicate its capacity and potential achievements. The detected features may fulfill 

the requirement for image matching, data registration, and change detection. The proposed 

scheme therefore provides a new method to address these conventional purposes with 

higher automation. 
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8.2 Limitations 

The limitations of the proposed scheme are indicated as follows. 

1. Considering the limitations of the TGC operator, the resolution and quality of images are 

key. The high-resolution image allows the TGC operator to detect edges and corners 

simultaneously; conversely, only edges can be identified. In addition, because the current 

Gaussian filter scheme only slightly suppresses image noises, the lower SNR may cause 

spurious edges.  

2. The TEC operator is restricted by two factors, the point density and the target size. 

Because the TEC operator starts from the connection criteria, sparse points might let the 

process derive many pieces and construct unfavorable structure lines. Furthermore, this 

kernel-based approach has the limitation of minimum area size. Some targets may be 

regarded as noises and removed directly when the target area is smaller than the kernel 

used. 

 

8.3 Future Works 

Future works are recommended as follows. 

1. In the procedure of the TGC operator, we selected a Gaussian filter with an empirical 

threshold to modify gradients to achieve the local smoothness; however, this threshold 

may restrict the TGC performance. Further research is necessary to replace this constraint 

and improve the ability of feature detection by analyzing the local gradient distribution. 

2. The TEC operator provided 3D structure lines in this study, and further research should 

focus on the reconstruction of building models based on these detected results. For 

combining parapets with roof plates, surface fitting may be considered as an additional 

step in the reconstruction of a concave geometry. In addition to the detection of building 

features, the proposed scheme could potentially detect trees and vehicles for additional 
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applications. 

3. The fusion of these two operators may provide a new way to develop related applications. 

The preliminary results of this study demonstrate its practicability and multiple purposes. 

Advanced works may concentrate on the enhancements of data registration, change 

detection, 3D modeling, and other factors. 
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