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ABSTRACT 
 
 
 

SPATIAL CONTENT-BASED SCENE MATCHING USING A RELAXATION 
METHOD 
 
Caixia Wang, Ph.D. 
 
George Mason University, 2010 
 
Dissertation Director: Dr. Anthony Stefanidis 
 
 
 
Scene matching is a fundamental task for a variety of geospatial analysis applications. As 

we move towards multi-source data analysis, constantly increasing amounts of generated 

geospatial datasets and the diversification of data sources are the two major forces 

driving the need for novel and more efficient matching solutions. Despite the great effort 

within the geospatial and computer science communities, automated scene matching still 

remains crucial and challenging when vector data are involved such as image-to-map 

registration for change detection. In this context, features extracted from vector data 

contain no intensity information which typically is the significant component in current 

promising approaches for registration. This problem becomes increasingly complicated as 

the two or more datasets usually present differences in coverage, scale, or orientation in 

general, and accordingly corresponding objects in the two or more datasets may also 

differ to a certain extent.  

This dissertation developed a novel methodology for automatic image-to-vector 

matching, based on contextual information among salient spatial features (e.g. road 



 

networks and buildings) in a scene. In this work, we model the road networks extracted 

from the two to-be-matched datasets as attributed graphs. The developed attribute metric 

measures the geometric and topological properties of the road network, which are 

invariant to the differences of the two datasets in scale, orientation, area of coverage, 

physical changes and extraction errors. Road networks comprise line segments (or 

curves), intersections and loops. Such complex structure suggests versatile attributes 

derivable from the components themselves of the road networks as well as between these 

components. It is important to develop attributes that need less computational efforts, 

while having sufficient descriptive power. We extend the entropy concept to statistically 

measure the descriptive quality of the attributes under consideration. Subsequently, by 

considering the spatial distribution and structure similarity in a neighborhood, we 

formulate a global compatibility in a relaxation manner to measure the overall goodness 

of correspondence. An optimal matching is achieved by finding an optimal morphism 

that maximizes this compatibility function. 

In this work, we further extend the invariant metric to incorporate additional 

scene content (i.e. buildings) in the form of object configurations present within 

individual road network loops (e.g. as they may become available from other GIS layers). 

For the local similarity, we developed an assessment framework to quantitatively 

measure the similarity of spatial configuration, where there is no need for semantic 

information (e.g. names) for buildings, a prior information necessary for spatial scene 

similarity in many alternative approaches. By combining diverse but co-located pieces of 

information (e.g. roads and buildings) in an integrated process, this multilayer scene 

matching allows us to integrate information that may become available from different 



 

sources, better addressing the evolving needs of the geoinformatics community. This 

novel integration enables achieving matching under perplexing scenario where the 

structure of each intersection in networks is identical. 
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Chapter 1  

INTRODUCTION 

1.1   Motivation and Problem Statement 

Matching is a problem of fundamental importance for many photogrammetric and 

geospatial analysis applications. It typically arises when some sort of correspondence is 

needed, for example, to establish the transformation from image measurements into 

object space coordinates for map generation, to integrate heterogeneous data for 

geospatial analysis, to compare data acquired at different time for change detection, or to 

detect damages resulting from a natural disaster. The constantly increasing amounts of 

generated geospatial datasets and the diversification of data sources are the two major 

forces driving the need for novel and more efficient matching solutions. Recent advances 

in commercial satellites and space-/air-borne sensors have resulted in the availability of 

vast amounts of multitemporal datasets of high-resolution imagery. For instance, 

WorldView-2 from DigitalGlobe® has an average revisit time of 1.1 days and is capable 

of collecting up to 975,000 square kilometers per day at 0.46-meter resolution1. At the 

same time, sensors on-board unmanned aerial vehicles (UAVs) are capable of 24/7 

operation and can collect very large amounts of imagery during each of their missions. In 

order to take full advantage of the image2 data collected by such diverse sensors we need 

to co-register them to each other, and to conflate them with complementary geospatial 

                                                 
1 http://worldview2.digitalglobe.com/about/ 
2 In this dissertation, imagery is referred to optical imagery.  
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databases available for the area they cover. This challenge of image-based matching is 

the subject of this work. In the context of this dissertation we refer to this problem as the 

image-to-x matching problem: images may have to be matched to diverse datasets, 

whereby x may represent reference data in the form of raster or vector data such as other 

images, maps, or various GIS layers (e.g. transportation, land-use, or other thematic 

layers).   

A number of image-to-image (raster-to-raster forms) matching solutions (e.g. 

template matching in general or least squares matching in particular) have been 

developed in the geoinformatics and computer science communities. Many among them 

have demonstrated reliable success in automatically identifying correspondences between 

image windows (Zitová and Flusser, 2003). However, when one involved dataset is in 

non-raster format, as would be the case in image-to-map3 registration (e.g. for change 

detection applications), the crucial task of matching still remains a challenging process 

and fully automated solutions still escape us. The automated matching processes 

available to our community typically make use of intensity information (and its variations 

within windows of imagery), and this information is not available when processing non-

imagery datasets. Accordingly, the well investigated intensity-depend approaches are not 

suitable for image-to-x registration problems like the ones we are addressing in this 

dissertation.  

In parallel to intensity-based techniques, feature-based solutions have been 

developed for image-to-vector matching, in which features represent information on 

higher level. The point-based solutions (Drewniok and Rohr, 1996; Rohr, 2001) have 

                                                 
3 A map is a symbolic representation of an area, which highlights relations between elements of that space 
such as objects, regions and themes (http://en.wikipedia.org/wiki/Map). 
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long been representative popular approaches primarily because point representations are 

general and easy to extract. Their matching, however, is prone to errors due to lack of 

auxiliary information such as topology and geometry that may exist in relation to points, 

as in the case of road networks. In order to overcome this limitation, certain approaches 

attempted to use complex features extracted from satellite and aerial imagery for 

matching, such as 3D wireframe building models (Läbe and Ellenbeck, 1996; Läbe, 

2003) and polygon features (Morgado and Dowman, 1997; Dowman, 1998; Hild et al., 

2000). However, substantial prior or auxiliary information (e.g. quite accurate 

approximate orientation information) is required in these approaches for establishing 

correspondences among two or more datasets. Thus, these solutions remain in essence 

partially automated (typically requiring operator input, e.g. in the form of good 

approximations), and are therefore not a viable option for modern applications (e.g. 

online GIS-related analysis where data need to be processed on demand).  

We can summarize the major challenges in automated image-to-vector matching in 

the context of this dissertation to be as follows: 

• Because the datasets to be matched are in different data formats, i.e. raster vs. 

vector, the same feature in the real world will appear differently, both in terms 

of data structure and description. Moreover, due to inaccurate camera models, 

different acquisition viewpoints/time, and/or different sensors, these conjugate 

datasets typically vary in scale, orientation and ground coverage. Accordingly, 

the development of a matching approach that makes use of discriminative and 

robust feature descriptors that are invariant to potential differences between 

involved datasets is a key need of the geoinformatics community. 
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Furthermore, the naturally occurring physical variations over time of the 

features that comprise a scene (e.g. roads widened or discontinued over a 

period of time) and the differences in ground coverage among the compared 

datasets make it impractical to expect a one-to-one (or exact) matching. The 

matching algorithms that we pursue have to somehow be stealth to such 

variations, while still being able to identify correctly partial correspondences 

among datasets. 

• Due to the different nature of the data types in the problem, feature-based 

methods are expected to be more suitable. It is desirable to consider in our 

approach potentially conjugate features that can be extracted automatically, as 

this would provide us with the opportunity for a fully automated process all 

the way from data capture to data matching. However, even though automated 

feature extraction has long been an active research subject in computer vision 

and geoinformatics it still has not reached a final stage. Current existing 

algorithms still have their limitations when considering the potential large 

variations in scene content that may be encountered in geoinformatics. Taking 

road extraction as an example, most existing solutions encounter problems 

when processing complex urban area scenes where semantic noise such as 

occlusions from structural shadows, traffic markings, vehicular traffic and 

pedestrians often lead to failures. Inaccuracies in feature extraction make the 

matching problem even more intricate.  

All these still unsolved issues and emerging capabilities are making the need for 

robust automated image-to-vector matching a priority for the photogrammetric and 
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geospatial communities. This thesis is motivated by the lack of such solutions, which can 

work robustly invariant of the aforementioned challenges. We are particularly interested 

in matching datasets that differ in data types, scale, orientation, area of coverage, physical 

changes of features, and extraction errors, the problems that are commonly encountered 

in representative modern photogrammetric and geospatial applications. 

1.2   Statement of Research Objectives 

As mentioned above, this thesis aims to develop a robust approach to automatically 

match imagery to vector datasets invariant to their differences in scale, orientation, area 

of coverage, physical changes of features and extraction errors. Due to such variations, 

the corresponding features also differ among themselves, and thus their matching 

becomes a non-trivial issue. In contrast to point features, road networks contain 

inherently substantial contextual information in their structure (e.g. their topology and 

geometry). Under physical constraints, the rough neighborhood structure of an 

intersection is generally well preserved. Furthermore, road networks are fundamental 

descriptive elements of a scene and are common features often presented in the area of 

interest (AOI) for applications. They are, therefore, selected as primary features for 

matching in this work.  

From a computational standpoint, a road network has very rich structure. It 

comprises line segments, point intersections and loops, and each one of these primitives 

has its own properties (e.g. length, width, material). Furthermore, the road network offers 

a natural tessellation of the space it serves: it separates city blocks, and becomes the 

obvious reference network to identify the relative positions of objects within its loops. 

Modeling and comparing such complex structures for image-to-x matching is the key 
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overall objective of this dissertation, and is a challenging scientific issue that also has a 

strong application potential. Within this broad objective we identify three main research 

challenges:  

1. The development of a model to formally describe topological and geometric 

attributes of matching primitives which are invariant to the aforementioned 

variations in scene content and inaccuracies in object extraction. As a road 

network comprises linear segments, point intersections and loops we will 

explore problems in modeling and comparing such complex structures. 

2. The development of a model to quantitatively describe the spatial 

configurations of objects (e.g. building to building relations) present within 

individual road network loops. This model can be extended to support scene 

similarity assessment.  

3. The development of an automatic matching algorithm for a robust comparison 

by incorporating pattern characteristics (topological and geometric) of the 

road network and the context objects it contains. By robust, we mean the 

matching algorithm will continue to function well with the presence of errors 

in feature extraction due to noise in scenes (e.g. building-induced shadows 

and occlusions). 

By modeling the topology and geometric attributes of the network and its 

neighboring objects, we enable the use of more than a single geospatial feature class in 

our matching process. This allows us to incorporate additional scene information in our 

model, thus enhancing its descriptive power, and improving the potential accuracy of 

matching. Furthermore, by permitting the use of multiple layers of GIS data (e.g. roads 
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and buildings) for matching we develop an approach that is highly suitable for 

multisource data integration, a key challenge faced in modern geospatial applications. 

1.3   Hypothesis 

The above presented objectives lead us to the formulation of the following hypothesis for 

this dissertation:  

We need to exploit contextual information among salient geospatial features in a 

scene to develop an automatic solution to establish robust matching between 

high-resolution aerial (or satellite) imagery and vector datasets. 

This way we can overcome the challenges presented by scale, orientation, and 

coverage variations among these datasets, as well as avoid the adverse effects imposed by 

inaccuracies in feature extraction processes.  

1.4   Intended Audience 

This thesis is intended for researchers and developers primarily from the geoinformatics 

community (including digital photogrammetry, remote sensing, and geographic 

information systems), and secondarily from the computer vision communities. 

Furthermore, we expect that this work will be of interest to scientists interested in scene 

matching, similarity assessment, image-based registration and pattern recognition. 

1.5   Organization of the Thesis 

The remainder of the thesis is structured as follows: Chapter 2 reviews the literature 

background in related fields of studies and includes an assessment of their relevance and 

applicability to the problem of image-to-vector matching. As road networks in this work 

are assumed having been extracted automatically from high-resolution images, we also 
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include a review on automatic road extraction with a focus on extraction accuracy and the 

contributing factors to extraction errors. The third chapter describes our approach for 

automatic image-to-vector matching using road network. The fourth chapter advances the 

description of a road network to incorporate additional scene information in the form of 

object configurations present within individual road network loops (e.g. as they may 

become available from other GIS layers). Using this information in addition to the road 

network itself, a novel technique for automatic complex scene matching is developed. 

The fifth chapter demonstrates the performance of the proposed approach to assess scenes 

with similar content and/or road network structure. The sixth chapter concludes this 

dissertation and discusses possible future work in this area. 
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Chapter 2  

 BACKGROUND AND RELATED WORKS 

The fundamental importance of matching has been attracting interest from 

interdisciplinary fields. Recent years have witnessed a wide range of techniques 

originated from computer vision, pattern recognition, photogrammetry, and remote 

sensing communities. In the context of the matching problem under discussion, vector 

data depict the real world in a vector format - examples are straight-sided polygons for 

woodlands and points for small houses, or piecewise lines for roads. Image data (aerial 

photographs and high resolution satellite images), however, represent the real world in a 

dissimilar format - a grid of pixels. Each pixel is encoded with a numerical value 

(positive integer) representing its intensity or gray level.  

Figure 2.1 shows the same geographical location shown with a topographic map 

and a color image. One corresponding region on the two data is shown using their 

respective formats. It is noted in Fig. 2.1b the portion of the image consist of three grid 

layers. This is because the image is in natural color, a composite of three multispectral 

bands shown as blue, green and red respectively. As the data in vector format have no 

intensity information as the image data, it would be inappropriate to perform the 

matching at the pixel level. This problem requires a feature-based matching in which the 

process aims to find the pair-wise correspondence using descriptions of features. 
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(a) Topographic map version of a scene and the vector format of the red rectangle portion 

(b) Image version of a scene and the grid format of the magenta rectangle portion 

piece-wise lines for the road 

Polygon for the 
building footprint

 
Figure 2.1 Distinct representations of the same scene using a vector map and a raster image 

 
Hence, the central problem addressed in this dissertation is the use of features 

extracted from digital imagery to match this imagery to vector dataset (e.g. various GIS 

layers). Accordingly, in this literature review we are addressing the following two key 

issues related to our problem:  

1) How well can we extract various types of features automatically from digital 

imagery?  

2) How suitable are these features for matching, and what techniques are available 

to do so?  

Section 2.1 presents a survey of the state-of-the-art regarding the first key issue, while in 

section 2.2 we address the second key question. Throughout the rest of this paper, image-
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to-vector matching will be termed matching for the sake of simplicity, unless it is 

explicitly stated otherwise.  

2.1   Feature Extraction from Digital Imagery in the Context of Geospatial 

Applications 

Features in vector data represent information on higher level. For instance, points 

represent houses, lines are roads or rivers, and polygons denotes boundaries of a forest. 

Image features, which we extract to match the image to vector data, should accordingly 

refer to discerned objects - natural features that have physical interpretation- in order to 

find the counterparts in vector data. In this context, image features includes distinct 

points (region corners, road intersections, oil and gas pads, sharp corners), linear features 

(coastlines, roads, rivers), and areal features (forest, lakes, fields). 

Point feature detectors have been proposed differently with a wide range of 

definitions of what point features in an image is interesting. For instance, the high 

variance points detectors such as the Moravec (Moravec, 1977) and Förstner (Forstner, 

1986) operators proceed by identifying points having high variations in their gray values 

with respect to their background (Muller and Hahn, 1992; Haala et al., 1993; Hahn and 

Kiefner, 1994; Liang and Heipke, 1996). The majority of these detectors identify a wide 

variety of interest points all at once. These points could be corners, but they can also be, 

for example, isolated points of local maximum or minimum, or points on a curve where 

the curvature is local maximal.  

Differential geometry operators have been exploited to detect corners. Second-

order partial derivatives of the image function, for example, were first applied in the work 

of Kitchen and Rosenfeld (1982). Corners are identified by the local maximum of the 
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second order derivative on each pixel along an edge contour weighted by the local 

gradient magnitude. Gray scale level based corner detectors search the corners as the 

local extrema of the Gaussian curvature (Dreschler and Nagel, 1981). This type of 

detectors is sensitive to noise as they rely on second-order derivative terms. In the work 

of Deriche and Giraudon (1993), they analyzed additional properties to localize the exact 

position of a corner: a) the Laplacian image is zero at the exact position of the corners 

(zero-crossing property), and b) the property associated with the measure they proposed 

to use. An exhaustive survey of corner detectors can be found in Rohr (2001). One of the 

main difficult problems in this trend of point detectors is the automatic extraction of 

useful semantics for the identified points.  

Point-like landmarks have raised a research interest in automatic detection as they 

are associated semantic information which is useful for next-step processing in various 

applications (e.g. image matching, image mosaicing, scene understanding). The key issue 

for these approaches is to define a prototype template or model of the landmark, for 

instance, road crossings (Growe and Tonjes, 1997), oil and gas pads (Ton and Jain, 

1989), or centroids of water regions, which are invariant to orientations and gray level 

variations. Figure 2.2 exemplified models for two types of landmarks- the manhole cover 

(Drewniok and Rohr, 1996) and road intersection (Hu et al., 2007). 
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(a) (b)  
Figure 2.2 (a) Ideal appearance of a manhole cover; (b) Spoke wheel operator 

Areal features such as water reservoirs (Holm, 1991), buildings (Hsieh et al., 

1992), or shadows (Brivio et al., 1992) typically have similar characteristic or property, 

such as color, intensity, or texture. Different areal features vary significantly with respect 

to the same characteristic(s). Means of segmentation methods, thus, are utilized to extract 

areal features.  

Histogram-based methods locate clusters by thresholding the histogram computed 

from all the pixels in the image. In the simplest case, one threshold (e.g. the valley point 

of the histogram) is applied to partition the image into two regions – object and 

background. These thresholding techniques are limited in cases when images are 

composed of regions with different surface characteristics or images are noisy. One needs 

to use several thresholds to segment such imagery such as adaptive thresholding (Shapiro 

and Stockman, 2002).  

The threshold selection is not a trivial task giving the variety and complexity of 

images. In the work of Otsu (1979), the ratio of the between class variance to the local 

variance is maximized to obtain thresholds. Probability distributions were proposed to 

model the gray level histogram for the purpose of selecting suitable thresholds, for 

instance, Poisson distribution (Pal and Pal, 1991; Pal and Bhandari, 1992). With only 

histogram information, techniques may fail to detect proper thresholds if these are not 

indicated as valleys in histogram.  
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Many thresholding schemes use spatial information to detect threshold, resulting 

in a more meaningful segmentation than those using only the histogram information. 

Weszka and Rosenfeld (1978) proposed a so-called busyness measure based on the co-

occurrence of adjacent pixels in an image. This measure was then minimized to 

determine the segmentation threshold. Based on the co-occurrence concept, an average 

contrast measure was proposed by Chanda et al. (1985) for segmentation. In the work of 

Pal and Pal (1987a; 1987b), contrast measures have been proposed between regions and 

homogeneity of regions for segmentation using the brightness perception aspect of the 

human psycho-visual system. 

The boundary of areal features and edges are closely related as in these locations 

there are often abrupt changes in gray level intensity values. Edge detection techniques 

therefore have been used to extract the boundary of areal features. There are a large 

variety of methods available in the literature. For edge finding, they can be categorized 

into gradient operators and the Laplacian.  

Gradient operators are first-order derivatives based on various approximations of 

the 2-D gradient, including Robert cross-gradient operators, Prewitt operators, and Sobel 

operators. One important issue when dealing with derivatives is the sensitivity of these 

operators to noise since the derivative operators respond not only to edges but also to 

isolated points. The latter two gradient operators possess greater noise immunity and thus 

are among the most used in practice (Gonzalez and Woods, 2002). Examples of four 

Prewitt masks are shown in Figure 2.3, depicting various Prewitt masks for detecting 

edges of diverse direction, in this case: horizontal, vertical, -45° diagonal and 45° 

diagonal.  
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Figure 2.3 Prewitt masks for detecting edges in different direction 

The Laplacian, on the other hand, is a second-order derivative operator. It is 

highly sensitive to noise. Moreover, the double-edge effect produced by the magnitude of 

Laplacian is undesirable for segmentation process. For these reasons, the Laplacian of 

Gaussian (LoG) is used in practice instead of the Laplacian. The Gaussian part of the 

LoG operator is to smooth the image, wiping out all structures (noise) at scales much 

smaller than the σ of the Gaussian, yet the Laplacian part of the LoG is used to establish 

the location of edges (Gonzalez and Woods, 2002). Ideally, the edge detection methods 

should yield only edge pixel. This is not the case in practice because of noise, breaks in 

the edge from nonuniform illumination, and other effects that introduce spurious intensity 

discontinuities. Thus edge detection algorithms typically are followed by linking 

procedures, e.g. Hough transform (Hough, 1962; Shapiro, 1996),  to assemble edge pixels 

into meaningful edges (Gonzalez and Woods, 2002). Figure 2.4 demonstrates the steps to 

extract the building in an image.  
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Table 1. Summary of algorithms in areal feature extraction 

Algorithm Property of 
intensity values Approach Examples Need for post-

processing 

Histogram-based Similarity 
Adaptive thresholding; 
Global thresholding; 

No 

Edge detection Discontinuity LoG; Sobel operator; Prewitt 
operator Yes 

Region-based  Similarity 
Region growing; 

Region splitting and merging 
No 

Morphological 
Watersheds Similarity 

Dam construction; 
Watershed Segmentation 

No 

 

Segmentation is one of the most difficult tasks in computer vision for 

discontinuity detection (the point, the line and the edge). Its accuracy determines the 

eventual success or failure. There has been a great deal of effort in literature. We 

summarized in the representative segmentation techniques for the purpose of areal feature 

extraction. Table 1 examines the property of pixel intensity values these techniques are 

based on. Areal features are higher level than pixels. We also compare these approaches, 

in column four, with their need for assembling detected pixels into meaningful features. 
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Linking procedures 

(a) Original Image 

(b) After edge detection (c) Detected building 
 

Figure 2.4 An example of linking process for building extraction 

Linear features refer to elongate-structured spatial objects in the image. Generally 

these objects are coastal lines or roads. As the most common feature, roads are of the 

most interest in literature. Meanwhile, road extraction is commonly regarded as a 

challenging task for several reasons: Images have a wide range of scales, which leads to a 

variety of road representations such as two parallel lines in large-scale images or only a 

single line otherwise. Roads do not possess specific global shape. No signature shape can 

be specified as in template matching methods. Finally, shadows and visual obstructions 

(e.g. tall trees or high-rise buildings) tend to be three-dimensional in nature. They behave 

as noise in the course of road extraction. A great deal of effort has been devoted to devise 

efficient and robust algorithms with above considerations (Gruen et al., 1995; Gruen et 

al., 1997; Baltsavias et al., 2001; Christophe and Inglada, 2007; Amini, 2009).  
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In conventional methods (e.g. road tracking), standard edge detection methods 

such as those discussed previously are employed for the linear feature detection. In 

general, the process consists of four steps (Gruen and Li, 1997): road sharpening, road 

finding, road tracking, and road linking. For road finding, there is not much high-level 

knowledge involved. In semi-automated approaches, the input from users is typically 

needed in this step. For example, in the work of Couloigner and Panchin (1999), the user 

provides start and end points for each road. With the input, their approach makes use of 

multi-resolution analysis and a wavelet transformation to extracts road edges and 

topology. Sophisticated strategies have been developed to process gaps bridging, road 

tracing and handle the complicated scenes.  

Tiwari et al. (2009) proposed an object oriented fuzzy rule based approach to 

classify roads from high resolution satellite images. With the integration of airborne laser 

scanning (ALS) and high-resolution data, a complete road network is able to be extracted. 

Similar methods based on hypothesis-verification have also been used for more reliable 

extraction. A fully automatic approach presented in (Steger, 1998) analyzed extracted 

edges and lines to identify road segment hypotheses. Then the road network was 

extracted by iteratively grouping the road segments and bridging the gaps.  

Snakes, sometimes referred to as active or deformable contour models, are 

common tools to extract object boundaries from imagery in computer vision. They were 

introduced by the work of (Kass et al., 1987) and have since been the subject of 

substantial research. It should be pointed out that the snake model is distinct from 

conventional methods afore-discussed and more recently developed. For example, 

Agouris et al. (2001a) advanced the differential model based on it to automatically detect 
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the changes in GIS database with aerial imagery. Peteri et al. (2003) makes use of snakes 

combined with a multiresolution analysis (MRA) for minimizing the problem of 

geometric noise to extract road networks.  

The snake model is defined by an energy function combining weighted two 

internal forces and one external force. One internal force is derived from the geometry of 

feature contour. It forces the snake nodes to be evenly spaced, avoiding grouping at 

certain areas, and while at the same time minimizing the distance between them. The 

other internal force denotes the second-order continuity constraint that represents the 

curvature of the snake contour, and allows us to manipulate its flexibility and appearance. 

The external force describes the relation of the contour to the radiometric content of the 

image. In general, it forces points to move towards image edges.  

With few seed points selected in an image manually or from higher-level image 

understanding process, the points along the contour move to new locations to 

progressively optimize the energy functions, i.e., minimizing its energy, guided by the 

discussed external forces and influenced by the internal forces. This is an iterative 

process. Thus, a linear feature is extracted as a sequence of nodes and links among them 

by combining radiometric (gray level) and geometric (shape description) information. 

Various techniques have been proposed to compute the minimum of the snake energy 

function. In (Kass et al., 1987) the Euler-lagrange equation is used to analyze and solve 

numerically the snake equations. (Amini et al., 1990) proposed an algorithm for the 

optimization using dynamic programming. A greedy algorithm is suggested in (Williams 

and Shah, 1992).  
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With respect to the level of automation, the road extraction methods are 

conventionally categorized into semi-automation (SA) and full-automation (FA). 

Examples of substantial works are shown in Table 2 (Doucette, 2002). 

Table 2. Summary of approaches for automated road extraction 

Extraction Models Automation Level Exemplary References 

Road tracking SA (Litton, 1993); 

Template Matching SA 
(Gruen et al., 1995); 

(Vosselman and Knecht, 1995; Park 
and King, 2001) 

 
Snake-based models 

 
SA (Trinder and Li, 1995; Fischler and 

Heller, 1998; Peteri et al., 2003) 

GIS database update FA (Zhang and Baltsavias, 2000; Agouris 
et al., 2001b) 

Rigorous models FA (Baumgartner et al., 1999; Oddo et 
al., 2000; Agouris et al., 2001a) 

 

The implementations of methods in SA all require the real-time interaction of a 

human operator, for example, inputs of the road direction, width, and initial seeds. To 

contrast, full automation (FA) algorithms strive for little or no human operator interaction 

with automating the initialization. In GIS database updating, existing cartography 

information facilities the algorithms for FA road extraction. Rigorous FA road extraction 

research even contributes to fulfilling self-sufficiency in seed finding and /or delineation. 

2.2   Feature-based Automated Image-to-Vector Matching 

In view of comparative ease in detection and modeling of point objects (a.k.a. features), a 

group of early work, originated from the fields of photogrammetry and remote sensing, 

has made great effort in using point features in automatic matching. Drewniok and Rohr 

(1996) presented an approach to automatically detect manhole covers as landmarks from 
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a large-scale urban imagery and match their constellations with the manhole geodetic 

positions from cadastral database for exterior orientation. They proposed a normalized 

cross correlation based on a predefined prototype template to detect manhole covers from 

the imagery. Based on scaled distances among detected point features, a relational 

description is constructed and a relational matching is designed to find correspondences 

between candidates of manhole covers in object (real world) and image spaces.  

A method proposed by (Jêdryczka, 1999) used drain gratings for matching. A 

stereo model has to be reconstructed from a pair of stereo images to obtain initial 

measurements of these drain gratings. Natural objects such as islands and lakes (Holm et 

al., 1995) have been proposed to be used as point features for matching when involved 

imagery is in middle resolution (e.g. SPOT).  

These presented methods showed some good results in automated matching. 

Nevertheless, such point-based methods are clearly limited for general use, particularly in 

scenes where these points are sparse and not well-distributed throughout. Furthermore, 

these matching methods offer no ability to take advantage of auxiliary information (such 

as topology and geometry) that may exist in relation to points, as in the case of networks. 

Thus, there has been a great deal of efforts to use more complex features for matching. 

In the work of (Läbe and Ellenbeck, Schickler, 1992; 1996), 3D wireframe models 

of houses are generated from the known building characteristics and used as matching 

features. Using approximate orientation parameters, the models of houses are projected 

into the image to extract roof lines. Matching between the models and the extracted roof 

lines follows. In the approach, approximations of the orientation parameters are not 
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obtained in an automatic way, but by tedious manual measurements on a digitizer (Läbe, 

1999; Läbe, 2003).  

Some polygon features such as parcel boundaries, representing land-use classes 

potentially with distinctive shapes, have also been used to exploit approaches for 

matching (Morgado and Dowman, 1997; Dowman, 1998; Hild et al., 2000). Polygons are 

extracted from images and matched to the polygon features from a database by means of 

chain code (Abbasi-Dezfouli and Freeman, 1994) or dynamic programming (Newton et 

al., 1994). Height information from a DEM or digital contours, however, is necessary to 

make the proposed methods suitable for images distorted from terrain effects or 

geometric effects from the sensor. 

Linear features such as road segments or rivers release the matching process from 

the traditional reliance on point detection. By utilizing their geometric description of 

linear features for matching, gross errors associated with erroneous point matches can be 

minimized. The solutions do not require extensive post-matching edits to eliminate 

mismatches. These distinct advantages motivated the development of approaches using 

linear feature for matching.  

The method proposed in (Zhang et al., 2004), for example, carries out by matching 

extracted river feature points from the image against the correspondences of an existing 

vector data (e.g. river map or a GIS database). Nevertheless, a global affine 

transformation between the image and the vector data has to be acquired by manually 

defining three coarse conjugate point pairs. Xiong and Sperling (2004) proposed an 

explicit cluster-based matching mechanism with nodes, edges and segments to establish 
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correspondences between two data sets. Substantial human intervention is required, and 

their approach is unsuitable to handle datasets with rotation and scale variations.  

Wang et al. (2008) resented an approach that can be used to match images-images 

and images-to-maps using elongated road segments. The core of the approach involves 

linear feature extraction with active contour models and the subsequent matching of these 

linear features on the base of their geometric characteristics. By unifying mosaic 

generation and matching, our work demonstrated a promising method to match images to 

images/maps even in areas where well-defined points are sparse and/or not well-

distributed. 

There is a tendency towards using multiple features like edges and corners 

(Vosselman and Haala, 1992; Tipdecho, 2002) to overcome the limitation that one 

specific feature may be sparsely distributed in the area under study. In matching with 

multiple features, a relational description between these topographical features may need 

to be modeled, which is not trivia due to orientation differences. Apart from constructing 

the complex relational description, the method developed in (Pedersen, 1996; Pedersen, 

1999) applied roads, manhole covers and drain gratings in a hierarchy way along with 

image pyramid to improve the initially approximate orientation for matching. 

Specifically, the manhole covers and drain gratings are used for matching in the image 

level with the highest resolution, while road crossings for the orientation are applied in 

the lower image pyramid levels (Potùèková, 2004). 

Considerable research has been undertaken into using these specific features for 

matching (Zitová and Flusser, 2003). For applications where suitable databases of these 

features like cadastral database can be accessed, these approaches have been successful. 
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In rural areas, features such as lakes, rivers or parcel boundaries are usually used, while 

in suburban and/or urban areas, manhole covers, drain gratings or roads segments are 

selected. Recently with the increasing capabilities in very-high-resolution (VHR) and 

timely imagery from space-borne sensors, approaches move beyond points, linear 

segments and areas. Linear features, particularly road networks, have attracted increasing 

attention of research for matching (Luo and Hancock, 2001; Xiong and Sperling, 2004; 

Gautama and Borghgraef, 2005). 

2.3   Matching using Road Networks 

In section 2.1, we have reviewed road extraction approaches in terms of their capability 

and performance. A general review of these techniques is summarized and discussed in 

(Lindi, 2004). The fact that automatic road extraction has been well developed and many 

techniques have demonstrated promising results greatly promote the preference to road 

networks for matching in geospatial community (Tipdecho, 2002; Hinz and Baumgartner, 

2003; Gautama and Borghgraef, 2005). In addition, roads are the most common features 

in most scenes that are the focus of this dissertation, whether they are dealing with urban 

or rural areas. In terms of vector maps, the U.S. Census Bureau has all U.S. road vector 

data available4. Systems developed using roads thus have greater potential for general 

applications. Furthermore, with the underlying structure of the road network, we can 

minimize gross errors associated with erroneous point matches, thus aiming at reliable 

solutions which do not require extensive post-matching edits to eliminate mismatches. In 

addition to these advantages, the utilization of road networks provides the ability to 

                                                 
4 http://www.census.gov/geo/www/tiger/ 
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utilize not only point information but also additional valuable information that can be 

derived from the geometry and topology of the network. 

A body of work in the field of geographic information science uses road networks 

for alignment problems, addressing for example the registration of misaligned aerial 

images to existing street maps. The problem typically assumes that two datasets have 

been georeferenced independently, but their precise georeference information is 

unknown. 

Some approaches convert the problem into the typical vector-to-vector or linear 

conflation (Harvey and Vauglin, 1996; Walter and Fritsch, 1999; Filin and Doytsher, 

2000). In these approaches, road networks were directly extracted and converted to vector 

format. Other alternative approaches utilize existing vector databases as part of the prior 

knowledge for extraction and matching.  

In (Chen et al., 2004), the road intersection points were first found from the road 

vector dataset. For each intersection point, a localized image processing was performed 

around the intersection point to find the corresponding point in the image. The direction 

and relative distance from the two datasets are assumed available and used as prior 

knowledge to prune the search space of possible mapping. With identified intersection 

points on both datasets, a specialized point pattern matching algorithm was developed 

using a transformation determined from a fraction of the detected road intersections.   

Wu et al., (2007) proposed a fully automatic matching by breaking the global 

alignment problem into a set of localized domains (tiles). Within each tile, the proposed 

algorithm performed vector-guided extraction of road features, and features obtained in 

the neighborhood of multiple vectors were aggregated. A least square optimization is 
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applied to a selected subset of the aggregated features to estimate the best translation 

locally. A confidence value was also computed for each processed image tile for 

awareness and interference of human operators if needed.  

These approaches (Doytsher et al., 2001; Chen et al., 2003; Yu et al., 2004; Zhu et 

al., 2009) seem promising but they require the datasets to be georeferenced and are based 

on an approximate transformation. Their misalignments are assumed only due to 

projection errors, inaccurate camera models, absence of precise terrain models, etc. These 

assumptions may not be satisfied in general scenarios. More importantly, the selection of 

control points by operators for approximate transformation is usually required by these 

algorithms, a rather important burden in terms of automation. 

We can identify some work efforts on matching using road networks, with 

networks represented as relational graphs that are then matched. A great deal of effort has 

been devoted to graph matching by the computer vision community. In the work of 

Barrow and Popplestone (1971), relational graph matching was first studied where a 

relational graph is designed to represent scene structure for matching. After that, it has 

been widely adopted and developed for matching problems. Two major categories of 

approaches can be identified. 

One involves the construction of structural graph model where geometric 

attributes of components are not taken into consider. These matching techniques are 

developed solely based on structure pattern to calculate graph and sub-graph 

isomorphisms (Shaprio and Haralick, 1985; Bunke, 1999; Pelillo, 1999; Jain and 

Wysotzki, 2002). In its purest form, two graphs G and H are isomorphic if there exits a 

one-to-one mapping f between the vertices in G and the vertices in H such that the 
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number of edges joining any two vertices in G is equal to the number of edges joining the 

corresponding two vertices in H (Tutte, 2001).  In other words, there is a correspondence 

between the nodes of G and H that preserves the arc relationships. However, in order to 

determine if two datasets are equivalent, it is not sufficient to determine solely that the 

two graphs are isomorphic, but that the labeling of the arcs and nodes is also equivalent. 

Hence, the major drawbacks in these graph-theoretical methods are their computational 

complexity and inability to handle noise, corruptions or any form of inexactness within 

their exact framework (Wilson, 1996).  Later works in Wilson and Hancock (1997) and 

Luo & Hancock (2001) exemplify limited enhancements based on pure structural graph 

model without much improvement for inexact matching.  

The other alternative solution to the problem appreciates the measurements of 

network components and represents networks as attributed relational graphs. Matching 

techniques are developed to compute graph similarity based on these measurements and 

network relational structure, such as relaxation labeling algorithm (Rosenfeld et al., 1976; 

Li, 1992; Wilson, 1996; Gautama and Borghgraef, 2005), information theory principles 

(Shi and Malik, 1998), Markov Random Field method (Li, 1994). In these approaches, 

invariant measurements of network components are essential for the matching as they can 

reduce ambiguities in local similarity and the corresponding searching space. But due to 

different scope of computer vision applications (e.g. face recognition, content-based 

image retrieval) research has addressed geometric and topological attributes of the 

network in a rather limited manner, focusing instead more on performance metrics (e.g. 

faster convergence). For example, topology is typically limited to the level of adjacency 

within a network. In the geoinformatics community we have witnessed that transition of 
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some of these techniques (Volz, 2006; Mustière and Devogele, 2008), but their impact is 

still considered rather limited.  

2.4   Summary 

Matching features (a.k.a. primitives) in different levels and descriptions play a significant 

role in the matching processing with respect to modeling and matching strategy. 

Generally, the higher the level of features at which matching is attempted, the more likely 

these features contain invariant components resistant to the disparity of two datasets with 

regard to their orientation, scales and even some changes of their counterparts. But this 

gain may be offset by the errors and deficiencies due to the imperfection in the current 

state of the art in feature extraction.  

The road network carries more essential information than lower level features 

such as the point and the region for subsequent processes (e.g. matching for scene 

understanding). Road extraction, however, is a challenging task in terms of inevitable 

errors present in the extracted result. Any subsequent process using the extracted road 

network has to take this issue into account. For the class of matching problem under 

discussion, we must adopt an inexact matching scheme which is robust to errors. The 

attributed-graph based strategy is more flexible than others since it doesn’t require any 

prior approximate georeference information. In addition, it can handle general matching 

problems where the orientation difference is large between two involved datasets. In a 

geospatial scene, various types of features present and are possible to be identified. 

Buildings, for example, can be detected from the high resolution imagery as areal 

features. Usually, they are also available from GIS layers. Semantic structures between 
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different features in addition to contexture information within one type of features may 

provide more intuitive and unambiguous similarity measurement for matching.  
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Chapter 3  

AUTOMATED MATCHING USING A SINGLE LAYER:                                       

THE ROAD NETWORK 

With the discussion in Chapter 2, the road network holds preferable characteristics over 

other features (e.g. road junctions) for solving matching problems such as implicit 

geometric information, explicit topology and its automated extraction in a more robust 

way. Therefore, this work uses road networks as the matching feature. Meanwhile, 

matching with road networks presents some particularities, mainly associated with the 

fact that instead of singular road segments we are typically faced with the challenge of 

matching tangled road networks. Thus, we are faced with the computational challenge of 

using network components (i.e. junctions and polygons) as matching primitives, instead 

of the linear segments themselves. This may be further complicated by physical changes 

of the feature itself (e.g. diverted route) as well as errors in road extraction due to the 

presence of noise in urban scenes, like tree-induced shadows and occlusions. In this 

section, I will describe my detailed techniques to automatically establish the matching 

using road networks, which perform robustly under the above-mentioned noises and are 

invariant to translation, rotation and scale differences between the two to-be-matched 

datasets. A general overview of the framework is presented as follows. The network 

components (junctions and their connectivity) are modeled as graphs with vertices 

representing junctions, edges their connectivity. Novel invariant metrics to describe 
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networks are developed from the data. The approach proceeds by iteratively re-labeling 

one-graph vertices with vertices of the other graph by changing their corresponding 

weights. For each labeling, a local similarity is measured for the current pair of matching 

vertices using derived attributes. After each iteration, the global matching (i.e. global 

compatibility) is measured by optimizing these weights according to the local similarity 

between current corresponding vertices. The process reaches an optimal matching when 

the global compatibility measurement becomes unchanged or varies to a limited 

threshold. 

3.1   Network Modeling 

3.1.1 Automated extraction of road networks 

To carry out matching with the road network, it is necessary to extract this feature first 

from involved data sets (the imagery and the map). Automatic road extraction from 

remote sensor data is a well-researched topic in computer vision, photogrammetry and 

remote sensing, Some representative examples of the techniques are mathematical 

morphology (O'Brien, 1989; Chanussot et al., 1999), template matching (Gruen and Li, 

1997; Agouris et al., 2001) and Hough transform (Fitton and Cox, 1998; Lee and Moon, 

2002). Many of the techniques, e.g., tracking road footprint by Hu et al. (2007) shown in 

Figure 3.1, have demonstrated very impressive and promising results. In this work, we 

assumes that the data has been preprocessed using digital image processing and analysis 

techniques, e.g., Poullis and You (2010), and road networks have been extracted 

automatically from the imagery. Yet, over-extraction (e.g. scene oversegmentation) and 

gap problems (dotted orange-colored rectangles in Figure 3.1b) in road network 

extraction may arise due to wide variations of roads and occlusions by cars, buildings, 
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shadows, etc. Such extraction errors complicate the matching problem. Over-extraction 

causes some superfluous linear features (e.g. fence shadows) falsely detected from the 

imagery as road segments that have no correspondences in the map. Gap problems 

usually break one road segment into pieces, giving rise to many-to-one matching. Under 

severe occlusion, the entire road segment may fail to be detected, resulting in one-to-none 

matching.  

 

 

(a) Original image.  (b) Extracted road network. 
 

Figure 3.1 Road network extraction and intersection detection by tracking road footprint (Hu 
et al., 2007). Region labeled by A exemplifies where superfluous linear structures generated 
from fence shadows present, while B region shows false rectilinear line segments between 
houses. There are two types of intersection in the scene: T-shaped and X-shaped. L marks 
detected L-shaped corners. 

 
Geographic features in vector data, on the other hand, are represented in 

geometrical primitives such as points, lines, curves and polygons. Employed data 

structure must store position information, feature attributes, and most importantly, the 

topological relationships among features (Curtin, 2008). In geographic information 

systems (GIS), network data sets such as road networks are stored in layers widely using 

the Dual-Incidence Matrix Encoding (DIME) data structure, for instance, data in the 

Topologically Integrated Geographic Encoding and Referencing (TIGER) system used by 

the Census Bureau. Figure 3.2 illustrates a DIME data structure for a road network T with 
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a graphic and tabular representation. Therefore, in vector data, there is no need to 

implement extraction of road networks and their components (junctions, road segments, 

polygons, etc.). 
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Figure 3.2 A road network T in DIMA data structure 

3.1.2 Graph modeling and some definitions 

A road network presents rather complex structure comprising segments, loops, and 

spatial relations. Intrinsically it contains geometric and topological information, which is 

of vital importance for matching. In view of the powerful representation of graphs in 

modeling objects and relations among them in various computer vision tasks, road 

networks acquired from both datasets are first transformed into graphs as input to our 

approach. In the graph, a vertex (also termed nodes) models each road intersection, edges 

of the graph represent the fact that there exist road segments joining two intersections, 
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and an attributes set contains unary attribute attaching to each node, binary attribute 

attaching to each edge, ternary attribute attaching to every three related nodes, and if 

necessary, n-ary (n ≥ 3) attribute associating to every related n nodes. Figure 3.3 provides 

a graphic view of the graph over an image, where the road network is extracted. It is 

noted there is no edge joining the two green-colored vertices as the two road intersections 

represented by these vertices have no road segments joining them. The advantages of 

such modeling include that it models not only the topological structure of the road 

network (e.g. connectivity) but also its non-structural properties with the use of attributes. 

In addition, the important information for the edge set is whether or not there is a road 

joining two intersections. We do not need to know how many road segments connect 

them, which is significantly affected by the gap problems since one road segment 

between intersections may be extracted as several ones.    

 
 

vertex 

edge 

 
Figure 3.3 Graph representation of the extracted road networks on an image 

This type of graph is also termed attributed relational graph (ARG) extended from 

the ordinary graph by attaching discrete or real-valued attributes to its vertices, edges, 

and subset of vertices. By transforming road networks into graphs, we abstract the image-
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to-vector matching problem as graph matching. An important issue for graph matching is 

to develop attributes which are invariant from orientation difference. In this work, a set of 

invariant attributes associated with the graph is developed to model intrinsic properties 

among the graph vertices (e.g. distance between nodes), which will be elaborated in next 

section.  

Here, we formalize some of the discussion and notations of ARGs from images 

(scenes) and vector data. Let’s denote the ARG from the image as Gim= (Vim, Eim, Rim). In 

this notation, Vim = {v1, v2,…, vs} is the set of s vertices in the graph representing road 

intersections and Eim= {e1, e2,…, et} is the set of  t edges in the graph representing 

relationships between road intersections. The degree d (vi) of the vertex vi is defined as 

the number of edges with vi an endpoint. If there is an edge between vertex vi and vj, then 

vi and vj is said to be adjacent to each other and denoted by vi ~ vj. Vertices adjacent to vi 

are termed neighbors of vi. The neighborhood of vi (denoted by N (vi) ) is the set of all 

vertices adjacent to vi (Wallis, 2007). The adjacency matrix of the vertex set Vim is 

defined as follows:  
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The third element Rim is a set of attributes include unary attributes r1 defined over Vim, 

binary attributes r2 defined over Eim, ternary attributes r3(i,j,k) defined over any vertex 

with its two neighbors and n-ary attributes rn (i,j,k,…,p) defined over any vertex with its n 

neighbors. The road network, hence, is defined in this manner through sets of vertices, 

edges and attributes among nodes. Similarly, the corresponding vector data can also be 

defined as Gdb=(Vdb, Edb, Rdb) where members in each set are in uppercase notation. 
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Using the above notations for these two networks, our aim in matching is to optimally 

correspond (label) vertices Vim={v1, v2,…, vs} in graph Gim to those from the set Vdb={V1, 

V2,…, Vu} in Graph Gdb satisfying certain matching criteria. 

3.2   Invariant Attributes for Local Similarity 

With the general representation introduced in Section 3.1, road networks from image and 

vector data can be represented with graph structures associated with attributes. Invariant 

attributes are essential for matching as they can reduce ambiguities in local similarity and 

the corresponding search space. Developing invariant attributes, however, is a non-trivial 

issue. In one hand, as the involved imagery and GIS datasets may differ in terms of 

resolution, scale, coverage, and orientation in general, the conjugate features may also 

differ to a certain extent. On the other hand, as road networks usually involve high 

volume of matching components, it is important to develop attributes that require less 

computational efforts. In this section, we introduce attributes derived from the geometry 

and topology of road networks, which are invariant to translations, rotations and scale 

changes. 

As the topological properties of a graph describe its structural characteristics and 

are not altered by 2D transformations (such as scaling or rotation), it is straightforward 

that the degree, a topological invariant of graphs, is an ideal unary attribute associated 

with each node. In our defined ARGs for the road networks, every node represents a road 

intersection where at least two roads join. The degree of any node must be equal to or 

greater than two.  

Typically the mathematical Euclidean metric is an important measurement of the 

geometry. It is invariant to translations and rotations, but not to scale changes. The 
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Euclidean distance between two nodes joined by an edge can not be used directly as a 

binary property. The angle formed by one node and its two neighbors, however, is 

invariant to 2D translations and appropriate to be applied as a ternary property. To 

overcome the variation of Euclidean distance to scales, a relative distance is proposed 

and can be used as one type of ternary property: 
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Where Dij is the Euclidean distance between vertices i and j (j is a neighbor of i) and Dit 

is the Euclidean distance in i and t (t is a neighbor of vertex i and t ≠ j). The denominator 

is the average of the Euclidean distances between vertexes i and its two neighbors. As 

vertices in the graphs denote road intersections, every vertex will have at least two 

adjacent vertices. In the case of more than two neighbors to current vertex i, j and t in the 

relative distance are selected randomly from its neighborhood. Apparently, the property 

can be extended for higher-ordered property as:  
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Using adjacency information, we derive another attribute termed basic loop 

formed by some vertices and edges. Apart from above discussed attributes which 

quantitatively describe geometric properties, basic loop models higher topological 

structure of the network. It is invariant to translations, rotations, and scale changes. Basic 

loop attribute is very useful in, for instance, integrating multilayer information (e.g. 

buildings) bounded by a closed loop for local similarity. Let’s go over some definitions 
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(Wallis, 2007) in graph theory before we proceed to define the basic loop. A walk in a 

graph G is defined by a finite sequence:  

 x0, a1, x1, a2, …, an, xn (4) 

where x0, x1, …, xn are vertices and a1, a2, …, an are edges of G; for each i, the endpoints 

of ai are xi-1 and xi. The number of edges in a walk is its length.  If x0=xn, we say the walk 

is closed. A cycle of length n is a closed walk of length n, n ≥ 3, with no repeated 

vertices. Accordingly, a basic loop is defined as:  

If a cycle in a graph contains no cycles other than itself, it is said to be a basic 

loop; otherwise, the cycle with minimum length is said to be a basic loop. 

  a 

b 

c 

e 

d 
 

Figure 3.4 A sample graph for cycles, and basic loops 
 

In the case of graphs modeling road networks, the basic loops are of triangle, 

quadrangular or more complex polygons. Consider the graph in Figure 3.4. It includes 

three cycles (abcde), (abce), (dec), of lengths 5, 4, 3 respectively. Since the cycle (abcde) 

contains (abce) and has greater length, the cycle (abce) is a basic loop. Meanwhile, the 

cycle (dec) contains no other cycles, and thus is a basic loop of the graph. 

These developed attributes, invariant to orientation variations, characterize the 

local patterns in terms of geometry and relationship structure. It easily understands that 

more or complex attributes, if desired, may be derived and used. Potentially additional 

attributes may contribute to improving performance of the next phase – matching 
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extracted features. The derivation process and computing local matching, on the other 

hand, may be computationally expensive, particularly when the number and complexity 

of proposed attributes increase substantially. What’s worst is that these additional 

attributes may be redundant to achieve a robust matching. At this point, proper attributes 

used for matching are critical and further analysis is necessary in terms of sufficiency. To 

conclude, proposed attributes are preferred to be capable of describing sufficient patterns 

of the road networks geometrically and/or topologically, invariant to any 2D 

transformation, required for a robust matching, yet without comprising much on the 

complexity in deriving and exploring them. Unfortunately, this issue hasn’t given rise to 

much attention in popular matching literature. Attributes are usually selected based on ad 

hoc decisions. 

3.3   Entropy Analysis  

In this section, we discuss the abovementioned issue using entropy concept. Originated 

from classical thermodynamics (Clausius, 1867), Entropy is a quantitative entity defined 

fundamentally via an equation. It has been extended to various new domains ever since as 

a measurement. In Shannon information theory (Shannon, 1948), the entropy is used to 

measure the uncertainty over the true content of a message (a string of binary bits). 

Mathematician Alfréd Rényi constructed the proper entropy for fractal geometries (Jizba 

and Arimitsu, 2001). In statistical mechanics, the entropy is defined as a function of 

statistical probability to measure the probability for a given macrostate. In this work, we 

introduce an entropy function as follows to measure how well a type of attribute 

describes a given data in terms of its pattern for matching: 
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where Ri is each measured attribute value, R is the arithmetic mean of the population, n 

is the number of the Ri. A high entropy indicates salient pattern represented by such 

attribute, and a low entropy indicates weak pattern represented by the attribute. The 

defined entropy Ep is similar to unbiased estimator of sample variance σ2 where the two 

parameters μ and σ2 are estimated from the data itself. Attributes that has most distributed 

values is useful for salient patterns and should be selected for matching.  

3.4   Matching of Two Networks via Attributed Graphs 

Accordingly, the road networks from the image and vector data are respectively defined 

through a graph embedded topological (e.g. basic loop) and geometric attributes (e.g. 

relative distance). Using the above notations for these two networks from two datasets, 

our aim in matching is to optimally correspond (label) nodes vi in graph Gim to those in 

graph Gdb satisfying certain matching criteria. Now the problem of matching an image to 

a vector data becomes a matching of attributed graphs.  

Establishing such matching is not a straightforward task. In general, the giving 

matching task requires an effective search mechanism in order to prevent a combinatorial 

explosion. The matching process can also be further complicated by errors in road 

extraction due to the presence of noise in scenes, like building-induced shadows and 

occlusions. Furthermore, land covers may vary in different time of data acquisition. 

Specifically, roads may change geometrically (e.g. in width, curvature), emerge or 

disappear in imagery compared to vector data. The matching, therefore, can be inexact 
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correspondence: elements (vertices or edges) in one graph may not have their 

counterparts in the other.  

In this work, we propose an optimal matching that maximizes similarities between 

two graphs both in topological relations among vertices and their geometric attributes to 

overcome the matching ambiguity and graph corruption. The matching process, based on 

continuous relaxation labeling, iteratively re-labels the data nodes with model nodes by 

changing their corresponding weights. The weights are optimized according to their local 

geometric and topological similarity. After each iteration, the global matching (i.e. global 

compatibility) is measured. The process reaches an optimal matching when the global 

compatibility measurement becomes unchanged or varies to a limited threshold. We 

detail the matching process in following subsections.  

3.4.1 Local similarity 

Once we have constructed the attributed graphs from two networks, we proceed with 

their local similarity. Our aim at this stage is to measure the similarity in structure and 

geometry associated with each mapping nodes. The local similarity is also termed the 

goodness of the local fit, local compatibility or the goodness of local mapping. They are 

used interchangeably in this thesis. Given Vj from Gdb as the current counterpart (label) of 

vi in Gim, let {vs, … vq} be neighbor vertices of vi and {Vp, …, Vt} be any neighbor 

vertices of Vj. We introduce an exponential function, a modified version from the work of 

Li (1992),  to measure the goodness of such mapping (vi → Vj). Using the relative 

distance attribute as an example, the goodness of the local fit can be measured with H (vi, 

Vj):  



 42

 ∑
−

−= )
||min

exp(),( },...,{,},...,{,

σ
tpjqsi

ji

Rr
VvH  (6) 

where σ is some parameter, ri,{s, …,q} is the relative distance from vi to its neighbors in 

Gim, Rj,{p, …,q} is the relative distance from Vj to its neighbors in Gdb.  

Use Figure 3.5 as an example. Let’s assume we are considering labeling v2 for V1 

in the process. According to Eq. 5, the summation component in H (v2, v) includes two 

ingredients since v2 has two adjacent vertices v1 and v4. Specifically, relative distance r21 

is compared with all relative distance R1t, t∈{2,3,4}) and the most proximate one (say t=2) is 

used to calculate the absolute difference as one ingredient. The relative distance r24 is 

then compared with the rest of relative distance R1t, t∈{3,4}) and the most proximate one 

(say t=4) is used to calculate the absolute difference as the second ingredient. With 

relative distance attribute and adjacency constraints, the vertex (t=3) in neighborhood of 

V1 matches no neighbors of v1. We assign it to match null, a special label in Vdb. 

Gim 

v1 

v2 

v3

v4

Gdb

V1

V2

V3

V4

V5

 
Figure 3.5 Two graphs used for exemplifying local similarity measure 

The novel feature of this local consistency measure H is its compound exponential 

structure, which distinguishes it from many alternatives in the literature. The underlying 

advantages are that the constructed H function will not be affected by the presence of 

noise (i.e. the additional link V3 in Figure 3.5) and the ambiguity will be reduced as low 

as possible. Similarly, the presence of noise (i.e. additional links) in Vdb would not affect 

our measurement. 
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From entropy analysis, more than one type of attributes may be needed. For a 

general purpose, H (vi, Vj) can be defined as: 
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where ω1, ω2, …, ωn are weights that denote the importance of their associated attribute 

and the superscripts on r, R or σ  represent the cardinal number of attributes. For 

instance, number 1 denotes unary attributes and 2 binary attribute, 3 ternary attributes, 

etc. The proposed function H corresponds to the compatibility function of Hummel and 

Zucker (1983). With function H, the local difference between Vim and Vdb under their 

associated geometric and topological constraints is mapped into a similarity measure for 

assigning Vim to Vdb and special node null. 

3.4.2 Optimal mapping 

As discussed before, matching two attributed graphs that model road networks requires 

an optimal solution, which maximizes a sort of global compatibility. With the constructed 

local similarity H, we use the continuous relaxation labeling method introduced in 

(Rosenfeld et al., 1976; Hummel and Zucker, 1983) which require no threshold to 

determine whether a mapping is acceptable. As the continuous relaxation-labeling 

framework, probability values other than logical assertions (1 or 0) are attached to all 

possible assignments for each vertex in Gdb and null vertex. The probability with which 

label Vim is assigned to vertex Vdb (including null) is denoted by pμ(λ) and satisfies: 

 },{,,1)(0 nullVVp dbim
u ∈∈≤≤ μλλ  (8) 

and 
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Let Θ be all available assignments with Vim to Vdb and null. The global 

compatibility function (using relative distance attribute as an example) can be formed as:  
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where vj,vk∈N(vi) and Vb,Vc∈N(Va). This function is close in nature to the global gain in 

(Li, 1992). Yet, with the data structure and attributes we proposed in this work, the 

neighborhood can easily been identified through edges of graphs. This is important to 

network matching as it allows our algorithm to determine the local similarity based on the 

topological structure intrinsic inside the data itself, not any ad hoc information. Thus, the 

optimal labeling of Gm with Gdb will be the one that maximizes the above function:  

 )max(*)( Λ=ΘΛ  (11) 

The gradient projection algorithm by Hummel and Zucker (1983) is used. The 

advantage of the algorithm lies in its projection operator which is based on a theory of 

consistency and still widely used in solving constrained optimization problems. An 

exhaustive discussion and proof can be referred to (Mohammed et al., 1983). With the 

algorithm, we can iteratively compute the length and direction of the updating vector to 

update p such that the global compatibility function Λ will increase with each updating of 

p. The iteration terminates when the algorithm converges, generally producing an 

unambiguous labeling (or matching).  
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Chapter 4  

AUTOMATED COMPLEX SCENE MATCHING 

In the previous discussion, we concentrated on actual networks, ignoring the 

overall scene as it is typically described by additional GIS layers. For example, as Figure 

4.1 shows, the road network outlined by nodes 1-8 is part of a bigger scene that includes, 

among others, the buildings highlighted in the figure. This is in nature a scene similarity 

problem. Scene similarity assessment is a key operation in applications such as content-

based spatial queries, and spatial decision support systems. Spatial relations among 

objects define the fundamental structure of a scene (Bruns and Egenhofer, 1996). 

Substantial effort in the GIScience community has been devoted to developing formal 

theories to model and measure spatial relations between objects. A notable and 

comprehensive model is the 9-intersection (Franzosa, 1991), which characterizes the 

binary topological spatial relations between two point sets. Based on the 9-intersection 

model, the spatial relations between various types of objects have been explored: region-

region (Shariff, 1996; Vasardani and Egenhofer, 2008), line-line (Nedas et al., 2007), 

line-region (Egenhofer and Shariff, 1998), or complex object (Markus and Thomas, 

2006). Notable alternative models include the work of Chang and Jungert (symbolic 

projections) (Chang and Jungert, 1996), which uses the objects’ minimum bounding 

rectangles (MBR) to model spatial relations based on directions captured independently 

along the coordinate axes. Most of these efforts require a priori knowledge of objects’ 
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labeling or type for correspondence. In addition, they primarily measure spatial relations 

in a qualitative manner. Qualitative information is often inadequate for applications that 

use scene similarity for matching or registration, particularly in urban scenes, where 

qualitative topological relations are rarely sufficient to differentiate scenes. Thus, the 

development of quantitative metrics to describe scene similarity remains an important 

issue.  

 
Figure 4.1 A scene comprising a road network and building outlines 

In earlier work, Stefanidis etc. introduced the varying baselines model to support 

image queries based on object configuration (2002). This model did not address complex 

structures like road networks. Road networks are fundamental descriptive elements of a 

scene and inherently contain substantial semantic information in their structure (e.g. their 

topology and geometry). Some studies have addressed road network matching, i.e. the 

identification of the same network in two different datasets. Volz (2006) describes an 

approach to compare both arcs and nodes for network matching at comparable scales. 

Mustière and Devogele (2008) introduced NetMatcher, a matching process for networks 

with different levels of detail using invariant attributes. However, the geometry and 

topology of the network have not received adequate attention. In our previous work 
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(Wang et al., 2007), we explored invariant attributes included in geographic networks and 

applied these attributes to develop a robust algorithm of inexact graph matching which is 

invariant to translations, rotations and scales. 

In this chapter I extend the description of a network to incorporate additional 

scene information in the form of object configurations present within individual road 

network loops (e.g. as they may become available from other GIS layers). By using this 

information in addition to the road network itself we support multilayer scene similarity 

assessment. I introduce an approach for scene matching based on its complex multilayer 

content. By complex, we mean that we make use of more than one geospatial feature 

class or multiple layers of GIS data (e.g. roads and buildings). This allows us to 

incorporate additional scene information in our model, thus enhancing its descriptive 

power, and improving the potential accuracy of matching. In addition, we assume these 

objects on both data sets have been extracted, using standard digital image analysis 

techniques. Among various geospatial features, road networks and buildings are selected 

in our approach for matching due to their common availability. Furthermore, substantial 

research efforts have been dedicated and progress has been made for their automated 

identification and delineation. Recent examples include the ridge detection efforts of 

Gautama and Borgharaef (2005), or the template detection approach of Tipdecho (2002). 

It is easily understood though that we could have any other layers in addition to, or 

instead of these types, including for example vegetation outlines, or land lot outlines.  

4.1   Outline of Complex Scene Matching Approach 

I first exploit the natural tessellation of the object space provided by a present road 

network and develop invariant metrics to model their spatial tessellation. Accordingly, 
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the scene is modeled as the road network itself, and the arrangement of additional objects 

(buildings in this thesis) inside each of the network loops. Scene matching is then 

achieved based on the matching framework discussed in Chapter 3, but by comparing the 

road network node per node while taking into account the loop information that 

corresponds to each loop. Our approach to match an image-extracted scene to a GIS 

database candidate scene proceeds as follows. The road network is represented as a 

graph: road intersections are modeled as vertices in the graph, while edges are inserted 

between two vertices if they are connected in the scene through road segments. Next, the 

image graph vertices are iteratively re-labeled with vertices of the database graph by 

changing their corresponding weights. For each labeling, a local similarity Slocal (i.e. the 

goodness of the local fit H) is measured for the current pair of matching vertices. The 

measure is based on their local (road) network structure and the content of the 

corresponding local network loop. After each iteration, the global matching Sglobal (i.e. the 

global compatibility Λ) is measured by optimizing these weights according to the local 

similarity Slocal between current corresponding vertices. The process reaches an optimal 

matching when the global compatibility measurement becomes unchanged or varies to a 

limited threshold. 

Accordingly, we assess scene similarity by integrating the structure of the 

network as well as the partitioned scene content (i.e. building configurations). By 

incorporating additional information for matching, the matching ambiguity can be 

significantly reduced locally and globally. This will be further discussed in next section 

and demonstrated in experiments. 
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4.2   Content Measure: Spatial Configuration 

As the two compared representations of a scene may vary in scale, coverage, or 

orientation, it is important to use invariant metrics. Let’s use the same notation as in 

Chapter 3: consider the graph of the image data to be represented as Gim and the one from 

database as Gdb. Correspondingly, Vim is the vertex set of Gim and Eim the edge set of Gim , 

Vdb the vertex set of Gdb , Edb the edge set of Gdb.  

The comparison of two scenes based on their content requires the development of 

quantitative metrics to assess the similarity of the corresponding spatial configurations. 

Considering buildings in particular, their arrangement in a scene is considered equivalent 

to the configuration of their corresponding Minimum Boundary Rectangles (MBRs). In 

terms of topology, two major spatial relations between buildings may be identified: 

disjoint or meet. It is this type of information that we model in a topology similarity 

metric.  

 FAB =
de
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Figure 4.2 Modeling the relative position of two objects 

In Figure 4.2 we show a scene comprising buildings A and B. The topology 

similarity metric FAB expresses their relative position as a function of the external 

minimum distance (de
AB) between their MBR boundaries, the diagonal of the MBR of the 
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union of building MBRs (diagonal(AUB)) the common length (lo
AB)) of the building 

MBRs along their parallel direction and the average length of the two MBRs’ sides along 

the parallel direction. 

If de
AB =0, the expression of Eq. 12 is reduced to its meet relation equivalent. This 

topology similarity metric measure represents a modification of the measure introduced 

by (Godoy and Rodrigues, 2002). By accounting for the characteristics along the 

direction of building parallels, Equation 12 embeds more expressive power in the 

topological measure, allowing it to differentiate extreme cases like those shown in Figure 

4.3: 

 Comparable meet configurations composed of two similar buildings that differ 

only on the overlapping length of the meeting sides (Figure 4.3 top). 

 Comparable disjoint configurations composed of two similar buildings that 

are similar in their relative (horizontal) distance but differ in their vertical 

arrangement (Figure 4.3 bottom).  

 

two buildings with meet relation 

two buildings with disjoint relation
 

Figure 4.3 Extreme cases affecting topological analysis 

4.3   Association graph for content similarity 

Association graphs are constructed and used to assess content similarity between an 

image and candidate database scenes. Initial correspondences of objects are necessary to 
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form the graph nodes. Accordingly, and without any initial knowledge, when matching a 

scene with a number of buildings to another candidate entry, one building can be have 

any counterpart in the matching scene, leading to very large numbers of potential 

permutations, and imposing computational constraints.  In order to overcome this 

problem we introduce in this section a view-consistent approach to select potential 

candidates.  

As discussed before, our content matching proceeds iteratively with road network 

matching. Furthermore, during road network matching, each node from Gim is iteratively 

compared with every node from Gdb. This node comparison assigns a local similarity 

score to this pairing, taking into account two components: 1) the similarity of local road 

structure around these nodes (see details in Chapter 3); and 2) the similarity of scene 

content in the road loops that correspond to the compared nodes.  

Thus, each content similarity assessment is associated with a pair of nodes 

considered as potentially corresponding from the two analyzed data sets. The two 

compared nodes (e.g. v1 from Gim and V2 from Gdb) provide a reference for each scene and 

are referred to as reference points (or view points). From the local similarity of road 

network structure, we can identify two other nodes (e.g. v2 from Gim and V1 from Gdb) 

which are closest to v1 and V2. With these four nodes, we can create reference axes for 

each scene: v1→v2 and V2→V1.  

For each building in the image, a bounding view angle for the building’s MBR 

can be measured relative to the reference point (v1) and reference line (v1→v2) in the 

image (see Fig. 5.10). The angle is positive when the view is clockwise from the 

reference axis, negative if counterclockwise. In the database scene, the same view angle 
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is reconstructed, but using the reference point (V2) and reference line (V2→V1) in this GIS 

scene. All buildings inside the database loop that overlap the bounding view angle by 

more than a preset threshold are considered to be potential matches for the corresponding 

building in the aerial image. This is equivalent to having a viewer positioned in the 

ground at the road intersection and looking at the buildings in the corresponding city 

square. The viewing angles show the relative position of buildings within this square. If 

another scene is comparable to it, the corresponding building viewing angles are expected 

to match. 

This bounding view angle analysis generates nodes of the association graph 

comparing the two scenes. We measure the similarity between corresponding buildings 

using area ratio, and assign the score to the association graph node: 
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SX:A is the similarity score (between 0 and 1) for building X from the image, 

compared to building A from the GIS scene and R_Area() is the footprint area ratio of the 

corresponding building. The larger the value of SX:A is, the more similar the two 

buildings. 

Two nodes (e.g. node (X:A) and node (Y:B) in the association graph are linked by 

an edge if and only if the spatial relation of X and Y is qualitatively same (i.e. disjoint) as 

the spatial relation of A and B. Thus the value associated with the edge ((X:A)(Y:B)) can 

be calculated using Eq.12 to represent the similarity of the spatial relation (XY) in the 

image, with respect to the relation (AB) in the GIS scene: 
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 SX :A ~Y :B =1− | FXY −FAB | (14) 

F is the expression of content spatial configuration introduced in Eq.12. The 

larger the value of SX:A~Y:B  is, the more similar the relation is.  

Buildings in the image may not have their counterpart in the GIS scene (or vice 

versa) due to physical changes of the buildings between two datasets (e.g. representaing 

the same scene at different time instances) or object extraction errors (e.g due to shadows 

or intrusions). We extract maximal clique (i.e. a maximal complete subgraph (Nedas and 

Egenhofer, 2008) as the solution for the constructed weighted association graph. The 

clique-enumerating algorithm (Tomita et al., 2006) can be used to extract the maximal 

clique.     

4.4   Scene Completeness  

While successful matches provide input in the assessment of similarity, we want to 

ensure that unmatched buildings will also contribute to alter accordingly (negatively) the 

result. This is meant to reflect the manner in which humans assess similarity among 

scenes: the presence of unaccounted objects in two scenes reduces our certainty of their 

similarity. (Nedas and Egenhofer, 2008) have addressed this issue and we use the 

completeness metric they developed, while considering each object to be of equal 

importance as they are the same type of objects 
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where M is the number of matched objects, n is the number of all objects in the image 

and N is the number of all objects in the GIS.  

(15)
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This completeness measure penalizes scenes with unmatched objects and thus 

reduces the scene similarity. Given the extracted maximal clique and scene completeness, 

the final scene similarity measure is then defined as: 

∑ ∑+= compedgesnodesscene SSSS *)(
 

It should be pointed out that, for the final scene similarity, a general version 

should consider assigning weights for object similarity (i.e. nodes), object relation 

similarity (i.e. edges) and the completeness measure. This has been discussed extensively 

in (Nedas and Egenhofer, 2008). 

4.5   Optimal matching 

This optimal matching process is the same as that using single layer, but with a new 

function H for the local similarity. Given Vk
 from Gdb as the current label of vi in Gim, the 

goodness of such mapping (Vk → vi) in Eq.7 should be measured with H (vi, Vk) including 

both the geometric information and building information:  
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where kiVv
rdS  is the local similarity measure between vi and Vk

 based on road network 

structure; kiVv
sceneS  is the local similarity measure between vi and Vk based on partitioned 

scene content (i.e. building configuration); α and β are the weight given to the network 

structure measure and partitioned scene content measure respectively.  

With function H, the local difference between Vk and vi under the constraints in 

road structure and the content partitioned inside the closed loop is mapped into a 

similarity measure for assigning Vk to vi. Based on relaxation labeling, the matching 

(17)

(16)
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process iteratively re-labels the image nodes with database nodes by changing their 

corresponding weights. As the continuous relaxation labeling framework, weighted 

values other than logical assertions (1 or 0) are attached to all possible assignments for 

each vertex in Gim. The weight (denoted by pi(λ) with which label Vλ is assigned to vertex 

vi belongs to [0,1]. In addition, the sum of the weights for all possible assignments to any 

vertex should be equal to 1. Thus, optimal labeling will be the assignment that maximizes 

the global compatibility defined as in Chapter 3. The weights are updated using the 

gradient projection algorithm, which iteratively computes the length and direction of the 

update vector such that the global compatibility will increase with each updating of p. 

The iteration terminates when the algorithm converges, generally producing an optimal 

matching. 
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Chapter 5  

 EXPERIMENTS 

To evaluate the performance of my algorithms, I perform two groups of experiments in 

the MATLAB environment to find the correspondences in road networks from the high-

resolution imagery and GIS vector data. The purpose of experiments in the first group is 

to evaluate the utility of my algorithms in matching using single layer where the two data 

sets present typical matching conditions for registration. Specifically, the vector data 

covers larger area than the image and they differ in translations, rotations, and scales. In 

addition, noises are introduced to evaluate the performance of our algorithms in exact 

matching. In the second group, I am interested to evaluate our scene similarity metrics 

introduced in Chapter 4, as a means to identify similar configurations of objects. 

Furthermore, I further demonstrated the performance of our matching approach using 

more than one layer by considering both a road network and buildings.  

5.1   Matching Using Single Layer 

The used imagery and vector data are queried from the National Map Seamless Server5. 

The imagery has spatial resolution of 0.5m that covers some area of the county of Prince 

William, VA and has been orthorectified. The vector data covers larger area than the 

imagery and presents unknown orientation differences. The two datasets are shown in 

                                                 
5 http://seamless.usgs.gov/ 
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Figure 5.1 a and b respectively. Figure 5.1c demonstrates aforementioned differences 

when the image is directly superimposed on the vector data.  

 

(a) the imagery (b) the vector data  

 
(c) Superimpose the vector data on the image  

Figure 5.1 The imagery and vector data with differences in scale, orientation and coverage 

From the datasets, two attributed graphs can be derived and they are marked as G 

and H below (Figure 5.2), where G represents the attributed graph built from the road 

network from the satellite image; H represents the attributed graph built from the road 

network in the vector data. 
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G: H:

 

Figure 5.2 Attributed graphs G from the imagery and H from the vector data  

 
For each graph, I derive two types of attribute based on the datasets: degree on 

each node and relative distance between nodes. Before proceeding to the matching 

process, I analyze these properties using entropy analysis. The analysis is significant as it 

allows us to quantitatively measure the distribution of attribute values, an important 

factor for reducing local ambiguity. Based on the analysis, it comes to a decision about 

whether or not both types of attribute should be used or additional attributes are needed. 

Figure 5.3 shows their distribution graphically ordered by nodes and their corresponding 

entropy using Eq.5. Node 7 in Figure 5.3a shows a salient degree-4 (there are four road 

segments in the image incident to the intersection represented by node 7) from others. 

Similarly, node 4 and 9 in Figure 5.3b. Because the majority of nodes in (a) and (b) have 

close degrees (same degree in this case), accordingly their entropy used to evaluate the 

distribution is very small, close to zero. This means the degree attribute is not appropriate 

to use for matching due to their proximate values. The relative attribute, however, has 

great entropy (96.92 and 67.76), representing distinguishable patterns locally and thus 

appropriate and sufficient for matching.  
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G H 

 
Epdegree=0.22 

 
Epdegree=0.25 

 
Eprelative_distance=96.92 

 
Eprelative_distance=67.76 

a. b.

c. d.

 

Figure 5.3 Graphical view of derived attributes over each node  

(x-axis shows the node # as shown in Figure 5.2) 
 

Table 3. Initial matching assignments with degree attribute 
 1 2 3 4 5 6 7 8 9 

1 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
2 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
3 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
4 0 0 0 0 0 0 0.5 0 0 
5 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
6 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
7 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
8 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
9 0 0 0 0 0 0 0.5 0 0 

10 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
11 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
12 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
13 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
14 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
15 0.0769 0.0769 0.0769 0.0769 0.0769 0.0769 0 0.0769 0.0769 
null 0 0 0 0 0 0 0 0 0 

 
It should be noted that, although the degree attributes score low entropy, they still 

include useful information for initiating the assignments to start the matching process. 

The underlying rationale lies in that a matched pair mostly likely has the same number of 

degree. Our initial assignment shows in Table 3. The numbers in blue denotes nodes from 

graph G and the numbers in red are nodes from graph H. The special node in H is 
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represented as null. Note that the sum of each column is equal to 1, satisfying the 

condition addressed by Eq. 9.  

We demonstrate the novel feature of the local consistency measures in Figure 5.4, 

where stars are global compatibility over iteration with relative distance attribute. One 

may note that the global compatibility has a steep increase with first iteration. This 

characterizes the local similarity measurement we proposed having the advantage to fast 

approach the optimal matching locally without much ‘confusion’.  
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Figure 5.4 Variation of the global compatibility over iterations 

 
To evaluate the performance of our approach when errors present in the data, we 

assume there is a new road appearing in the image between intersections denoted by node 

1 and node 8 in graph G, but the vector data hasn’t been updated yet. There is no edge 

connecting node 8 and 10 in graph H. Furthermore, there is a road in the vector data 

between intersections denoted by node 3 and 5 in graph H. This road on the image, 

however, is missed due to extraction errors. Figure 5.5 shows that, under presented errors, 

the global compatibility present a similar characteristic (steep increase) as in Figure 5.4, 

representing a distinct feature of our approach. 
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Figure 5.5 Comparison under inexact matching 

Both matching results are summarized in Table 4, where the correspondences 

between nodes as a result of the network matching are shown column-wise. It can be 

easily seen that all nodes were matched correctly despite of coverage and orientation 

differences, as well as presented errors between these two networks. 

Table 4. Matching result from both experiments  

Nodes in G 1 2 3 4 5 6 7 8 9 
Nodes in H 8 7 6 14 13 12 9 10 11 

 

5.2   Performance in Complex Scenes 

In this section, I perform our algorithms for complex scene matching with representative 

examples to demonstrate its performance. 

5.2.1 Assessing similar object configurations  

The objective of the experiment presented in this section is to demonstrate the function of 

the scene similarity metrics introduced in section 4.2, as a means to identify similar 

configurations of objects. Thus we consider as example a scene comprising three 

buildings (X, Y, and Z) located inside a road loop (U1,…U4) as they may be identified in 

a GIS (Figure 5.6a). This is the reference scene that will be matched to the content of 4 
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aerial images (Figure 5.6b-e) to identify the image that contains a combination of 

buildings that is most similar to the one in the reference GIS scene. 

 

Figure 5.6 A reference scene (a) and four aerial images (b-e) that are matched to it. 
 

To better serve the purpose of this experiment the four aerial image datasets have 

been selected to have a road loop that is similar in structure to the road loop in the 

reference scene. However, the 4 aerial images contain comparable but different sets of 

buildings in them.  

We assume all buildings have been detected (see e.g. the work of Tseng and 

Wang (2003), Suveg and Vosselman (2004)) and are represented by their MBRs. We also 

assume that the corresponding road networks have been extracted, using standard digital 
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image analysis techniques, e.g. Hinz and Baumgartner (2003). In order to minimize the 

potential effect of semantic noise in the scene (e.g. tree-induced shadows and occlusions) 

we consider buildings that have a spatial footprint that is larger than a certain threshold 

(e.g. 2% of the corresponding road loop). We also consider all weights in the similarity 

assessment equation (Eq. 17) to be equal.  

Let’s consider a comparison of the reference scene (a) to candidate image (b). We 

construct the association graph by selecting the first object X in the GIS data and finding 

comparably located objects in the candidate image (as discussed in Section 3.4). In the 

reference scene we determine a view angle for object X relative to reference point U1 and 

reference line U1U2 . We select as reference point the northwest-most (upper-left) node of 

the road loop that encloses the objects in the reference scene, and as reference line the 

north component of the enclosing road loop. Using this viewing angle we identify in 

image (b) two buildings that may be considered as conjugate images of building X: 

buildings b1 and b2.  

This step generates two nodes for our association graph: (X:b1) and (X:b2), 

indicating in essence that X may correspond to b1 or b2.  Similarly, the remaining 

components of the reference scene (buildings Y and Z) are analyzed and their potential 

counterparts are identified to construct the complete association graph as it is shown in 

Figure 5.7. The association graph summarizes the potential matches between the 

reference scene and the scene contained in image (b).  The linking lines in the association 

graph (e.g. (X:b1) and (Y:b4) are be joined by a graph edge) indicate combinations of 

associations that may co-occur. For example, (X:b1) and (X:b2) cannot be linked in the 

graph, because X can either match b1 or b2, but not both of them at the same time. 
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Figure 5.7 Constructing the association graph for reference scene (a) and candidate image (b). 
 

The complete association graph contains 6 maximal cliques, or maximal complete 

subgraphs, which show potential scene configurations in the image that may match the 

reference scene. Figure 5.8 summarizes these potential configurations for image b. We 

applied the metrics presented in Section 4.4 to assess the similarity between subgraph 

nodes (ratio of corresponding building footprints) and edges (topological relations 

between buildings) and thus assign a similarity score for each maximal clique. Clique 5 is 

the optimal match, with a similarity score of 0.343, whereby X is matched to b2, Y to b5, 

and Z to b6. It should be noted that clique 6 generates a score of 0.342, where X is 

matched to b2, while Y and Z are assigned to b6 and b5.  
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Figure 5.8 The six similarity cliques and their corresponding similarity scores for each clique 

The reason for having comparable results for these two configurations is as 

follows. The best selection among the ones available (clique 5) represents a topologically 

identical situation as the query. However, the two buildings on the right of the scene (Y 

and Z) display differences in their area to their potential counterparts (b5 and b6 

respectively). This causes the similarity metric among these two scenes to remain 

relatively low. In clique 6 we have the opposite situation, with an inverted topological 

relation but a better area match. It is easily understood that users may choose to alter the 

weights of these various metrics to emphasize more properties that are more important to 

the application they pursue. 

By repeating this process using images (b) through (e) we find the optimal match 

for each and summarize the results in Table 1. We can see that scene (e) has the highest 

similarity score when compared to our reference GIS scene. Meanwhile, similarity 

among scenes may be impacted by the inaccuracy in feature extraction process and 

selected feature models. Accordingly, similarity measures could be slightly overestimated 
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or underestimated. For instance, the occlusion introduced by trees near buildings may 

make two buildings, which are very differently shaped, look highly similarity with the 

minimum bounding rectangle model. In order to select a conclusive matching, we use 

standard deviation to measure the confidence in our matching conclusion. These falling 

outside the range of chosen standard deviation of the population are considered 

statistically important and thus are considered to be the match. In this experiment, the 

similarity score of scene (e) is 0.6, which is the only one falling outside the range of one 

standard deviation (i.e. σ=0.1071) of the score population (X={0.343, 0.429, 0.473, 

0.6}). It is therefore selected as the match to (a). A visual inspection confirms the 

correctness of this selection. 

Table 5. Similarity scores between the reference scene and each of the (b) - (e) images. 

Datasets Association graph Max similarity score Optimal match 
(a) vs. (c)  

X:c1 
Y:c4 

Z:c5 

Y:c5 

Z:c4 
 

0.429 
(X: c1) 
(Y: c4) 
(Z: c5) 

(a) vs. (d) X:d1 
Y:d3 

Y:d4 

Y:d5 
Z:d4 

Z:d5 

 

0.473 
(X: d1) 
(Y: d5) 
(Z: d4) 

(a) vs. (e)  X:e1 

Y:e4 

Z:e5 
Z:e4 

 

0.600 
(X: e1) 
(Y: e4) 
(Z: e5) 
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5.2.2 Assessing multilayer scene similarity 

The objective of this experiment is to demonstrate the performance of our scene matching 

method using more than a single layer. More specifically, we consider the use of both a 

road network and buildings in assessing the similarity of two scenes. The datasets are 

shown in Figure 5.9: (a) represents a high-resolution aerial image depicting a road loop 

and buildings within this loop; (b) is a broader scene from a database comprising roads 

and buildings. The scene in Figure 5.9 (b) contains three road loops that are potential 

matching candidates for the configuration of Figure 5.9 (a). The objective is to identify 

among these loops the best match for Figure 5.9 (a) in terms of both the structure of the 

road network that delineates it, and the buildings that exist within the loop. 

The aerial image in Figure 5.9 (a) has been preprocessed, extracting roads and 

buildings (represented through their corresponding MBRs). The road loop in this image 

(U1, U2, U3, U4, U1) is referred to as Waerial.  

Comparing image Figure 5.9(a) to the three loops of scene Figure 5.9(b) we can 

make the following observations:  

• The upper-left loop of (b), formed by the node sequence (V1, V2, V5, V6, V1) is 

referred to as W1
db. It has a similar network structure in terms of connectivity and 

geometry to Waerial. Furthermore, buildings within W1
db display high similarity to the 

certain building configurations within Waerial. 

• The upper-right loop of (b), formed by the node sequence (V2, V3, V4, V5, V2) is 

referred to as W2
db. It has a similar network structure in terms of connectivity and 

geometry to Waerial. However, the potential configurations of buildings within Waerial 

display some differences from the buildings within W2
db. 
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• The lower loop of (b), formed by the node sequence (V4, V5, V6, V7, V8, V4) is 

referred to as W3
db. It displays dissimilarities when compared to Waerial in terms of its 

network structure, namely different numbers of nodes and differences in the relative 

lengths of the corresponding edges. However, its building content is quite similar to 

building configurations within Waerial .  

Thus, the objective of this experiment is to demonstrate the combined effects of 

variations in road network structure or building configurations on the assessed accuracy. 

Similar to Section 5.2.1 we consider buildings that have a spatial footprint that is larger 

than a certain threshold (e.g. 2% of the corresponding road loop), and assign equal 

weights to the similarity assessment equation.  

As the matching process is initialized we have each image node Ui assigned an 

equal probability to match any of the database nodes Vj. The iterative  process presented 

in Section 4 allows us to update these probabilities until we reach a final solution with Ui 

nodes matched uniquely to Vj ones. Each updating loop assesses the similarity in road 

network structure and in the corresponding building configurations. 
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Figure 5.9 (a) Image data with extracted road network (in yellow) and MBRs (in 
red) of buildings; (b) GIS data composed of a road layer and a building layer 
(buildings are shown in MBRs) 

 
Let’s consider for example that we assess an iteration where U1 may match V2, in 

which case Waerial may be compared to any of the two loops in which V2 belongs, namely 

W1
db and W2

db (Figure 5.10). In this setup, U1 is the viewing position and U1U2  is the 

reference line for the aerial image. We will identify potential building configurations 

within W1
db and W2

db that may match the one in Waerial in the following manner: for each 

building in the loop Waerial, a bounding view angle can be measured from the reference 

axis, for example, +α for building 1 in Figure 5.10(a). The angle is positive when the 

view is clockwise from the reference line. A similar bounding view angle is formed in 

W1
db using V2 as viewing point and V2V1  or in W2

db using V2V3  as reference line. In the GIS 

scene, all buildings that overlap the bounding view angle by more than a pre-set threshold 
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(e.g. 75%) are considered to be potential matches for the corresponding aerial image 

building. This bounding view angle analysis generates nodes of the association graph 

comparing the two scenes. In this example the new node would be (1:D), indicating that 

building 1 in Waerial may match building D in W2
db. Similarly, a node (4:D) would be 

generated, and linked to (1:A) to express that these are two matches that could co-exist in 

the same loop.  

 

Figure 5.10 An example for scene similarity where U1 is assigned a label of V2: (a) U1 as 
viewpoint and U1U2  as the reference line; (b) V2 as viewpoint and V2V1  or V2V3  as the 
reference line. (In both figure, the blue dotted lines are view lines) 
 
 
 

 

1:D 

4:E 5:F 

5:E 

0.01 

0.6 

1 
1 

0.53 

0.97 

0.52 
0.49 

S1= 0.3 

S2= 0.06 

 

Figure 5.11 The association graph for the example: the maximal clique S1 
(enclosed in red circle) gives the highest scene similarity score 0.3 
 

Figure 5.11 shows the constructed association graph for this example. After 

applying Eq.12 ~ 15 sequentially to the nodes and edges of the association graph, we 
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measure the scene similarity using Eq.16. The result with highest score represents the 

best match and is used for the local similarity in Eq.17. 

Table 6. Matching result and the association graph 

 
 U1 U2 U3 U4 

Matches to: V1 V2 V5 V6 

The association graph with 
similarity measures 

 

 

1:A 0.89 

1 

1 

0.93 
0.72 

S1= 0.36 

S2= 0.085 

4:B 
5:C 

5:B 

0.98 

1 

1 

 
 

We perform the same procedure for the local similarity of each pair and optimize 

the matching probability iteratively. In this specific example, after 32 iterations the global 

compatibility function converges and gives the correct matching result shown in Table 6. 

The corresponding association graph and similarity scores are also shown in the table. 

This similarity score is the highest among all pairs of potential subscenes. We see that the 

process has successfully matched the aerial image loop Waerial and its building content to 

loop W1
db. Differentiating it successfully from the other potential matches, W2

db and W3
db 

who demonstrated deviations in terms of their building scene content and road network 

respectively.  
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Chapter 6  

 CONCLUSIONS AND FUTURE WORK 

Based on contextual information among salient features (road networks and buildings) in 

a scene, this dissertation developed an automated solution for the problem of establishing 

image-to-vector matching. The problem in nature requires a feature-based approach 

where features are extracted from the imagery automatically. Errors in feature extraction 

make the matching intricate: Over-extraction causes some superfluous linear features 

(e.g. fence shadows) falsely detected from the imagery as road segments that have no 

correspondences in the map. Under-extraction due to presence of noise usually breaks 

one road segment into pieces, giving rise to many-to-one matching. Under severe 

occlusion, the entire road segment may fail to be detected, resulting in one-to-none 

matching. Data for matching typically are rarely of the same orientation, scales and area 

of coverage. Their corresponding features also differ to a certain extent and thus their 

matching becomes a non-trivial issue. This may be further complicated by physical 

changes of the feature itself (e.g. diverted route). 

Our approach accomplishes the matching invariant to these deformations by 

incorporating contextual information of road networks and buildings into local 

compatibility measure and propagating such local measure via optimization process. The 

core concept behind our solution is that the neighborhood patterns of intersections are 



 73

well preserved from the 2D transformations and the best consistency of such pattern on 

each intersection gives an optimal matching globally. The global consistency limited the 

impacts of errors and physical changes on matching. This approach renders no 

requirement for user-defined threshold to justify whether a matching is acceptable during 

the search. The presented experiments demonstrate the validation of the stated hypothesis 

of this dissertation.  

In this work, novel invariant attributes are developed from the geometric and 

topological structure of the network. They bring forth truly invariant descriptions of the 

intersection patterns in the network. This allows our approach to quickly pinpoint 

matching locally and thus abridge ambiguity in search space. Road networks comprise 

line segments (curves), intersections and loops. Such complex structure suggests versatile 

attributes derivable from components themselves and between. It is of importance to 

develop attributes that need less computational efforts, while have sufficient description 

power. Entropy analysis is introduced for this purpose. Comparing to existing 

approaches, our approach is the first that exploit inferred knowledge from attribute values 

even though proper selection of invariant attributes for compatibility is deemed as one of 

the main factors for successful matching. A high entropy indicates salient pattern 

represented by such attribute, and a low entropy indicates weak pattern represented by the 

attribute. 

The invariant metric is further extended to incorporate additional scene 

information in the form of object configurations present within individual road network 

loops (e.g. as they may become available from other GIS layers). By combining diverse 

but co-located pieces of information (e.g. roads and buildings) in an integrated process, 
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this multilayer scene matching allows us to integrate information that may become 

available from different sources, better addressing the evolving needs of the 

geoinformatics community. This novel integration enables achieving matching under 

perplexing scenario where the structure of each intersection in networks is identical. For 

instance, a road network in a downtown may exhibit a form of lattice, where each 

intersection has identical pattern: exact number of incident roads, exact distance to its 

connected intersections and even exact angles between its two incident roads. This 

capability has been demonstrated in the second group of experiments in Chapter 5. For 

the local similarity, we developed an assessment framework to quantitatively measure the 

similarity of spatial configuration. In the framework, there is no need for semantic 

information (e.g. names) for buildings, a prior information necessary for spatial scene 

similarity in many approaches.   

The optimal process in this work is based on continuous relaxation labeling and 

proceeds iteratively. A global compatibility function is formed by local measures and the 

probability of each matching pair. Its gradient is used to guide the updating direction at 

each iteration. Thus, the local measures are propagated in all stages of the iterative 

process to encourage a consistent labeling. Via such way, we overcame a major criticism 

on relaxation labeling methods.    

Future work on this research could proceed in the direction to combine automated 

feature extraction to construct an integrated automated system that will benefit works 

currently labor intense and time consuming (such as orthorectification). In addition, it 

will reform the way to carry out some missions, for instance, accurate visual navigation 
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through images taken on the fly. This work is designed to tackle the problem of matching, 

thus features are assumed having been extracted and input into our approach.   

In this work, the weights for different attributes are assigned based on the user’s 

experience and judgment. Further work could explore a learning process which can be 

trained to automatically and robustly determine the weights for different attributes using 

feature properties and subject matter expertise. The feature properties can be spatial (e.g. 

width, length, locations), or non-spatial properties (e.g. network structure). In addition, 

some applications may concern the similarity of only certain subject in the scene. For 

instance, some agriculture applications may be interested in scenes which have high 

similarity in certain type of crops with the data in database. Other features in the scene 

are of less interest. Thus, the learning process is required to assign more weights on 

attributes which are semantically related to the subject and fewer weights on attributes 

which are not. 

Future work could proceed in developing a segmentation algorithm paired with 

my similarity assessment approach for applications involving large dataset. It would be 

computationally challenging and usually impractical to compare the whole dataset at the 

first place. An efficient strategy should be developed to partition the whole data 

according to some type of pattern and similarity assessment takes the place for each pair 

of subset data. The segmentation to be developed is apart from traditional approaches 

which are based on the intensity of pixels such as region growing, watershed 

segmentation or thresholding. Since we are comparing the imagery with the vector data, 

some type of structure pattern should be used to segment the dataset, for instance, typical 

patterns of road networks. Several such patterns have been examined in the field of 
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automated map generation, including strokes as type of linear forms, grids as type of 

cellular forms, stars as type of radial forms, and circular roads as type of cellular forms. 

Roads are usually mapped into different categories like primary highway, interstate route, 

state/province route, back road according to their conditions (e.g. width, surface 

condition). The hierarchical representations of the road network could also be 

investigated for segmentation. 

Another direction in the future work could further complement our model of 

complex geospatial scene, for example, in the development of spatial relations among 

multiple layers, e.g. the road is on the left of the building. A GIS environment is 

considered for this work. The future work may extend it to a multimodal environment, 

where some of the scene content may become available in the forms of verbal 

descriptions. 
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