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Abstract
This dissertation addresses the topic of automatic Digital Surface Model (DSM) generation
from linear array images. Research on this issue is mainly motivated by the following facts:
In recent years, CCD linear array sensors are widely used to acquire high-quality, highresolution panchromatic and multispectral imagery for photogrammetric and remote sensing
applications. Most of these sensors have the ability to acquire more than 2 views of the terrain
surface during a single flight line or orbit. The processing of these kinds of images provides a
challenge for algorithmic redesign and this opens the possibility to reconsider and improve
many photogrammetric processing components. In particular, automatic DSM generation
through image matching techniques is one of the main topics. Although this topic has gained
much attention in the past years and a wide variety of approaches have been developed, the
accuracy performance and the problems encountered are very similar in the major approaches
and the performance of these approaches does by far not live up to the standards set by
manual measurements. Therefore, efforts have to be made to develop a general framework for
automatic DSM generation from linear array images, into which specific algorithms can be
inserted easily, investigated and combined in order to achieve reasonable results in terms of
precision and reliability.
In this dissertation, an image matching approach for automatic DSM generation from linear
array images, which has the ability to provide dense, precise and reliable results is presented.
The approach integrates different matching primitives, uses available and explicit knowledge
concerning the image geometry and radiometry information, combines several image
matching algorithms and automatic quality control, and works with a coarse-to-fine
hierarchical matching strategy. The most outstanding characteristics are the efficient
utilisation of multiple images and the integration of multiple matching primitives. With this
approach, the linear array images and the given or previously triangulated orientation
elements are taken as inputs. After pre-processing of the original images and production of
the image pyramids, the matches of 3 kinds of features, i.e. feature points, grid points and
edges, on the original resolution images are finally found progressively starting from the lowdensity features on the images with the lowest resolution. An intermediate DSM is
reconstructed from the matched features on each level of the pyramid by using the
constrained Delauney triangulation method, which in turn is used in the subsequent pyramid
level for the approximations and self-tuning of the matching parameters. Finally least squares
matching methods are used to achieve more precise matches for all the matched features and
identify some false matches.
The presented approach essentially consists of several mutually connected components: the
image pre-processing, the multiple primitive multi-image (MPM) matching, the refined
matching and the system performance evaluation. Each of them is important and possesses
particular features, which are fully elaborated in different parts of the dissertation.
First of all, a pre-processing method, which combines an adaptive smoothing filter and the
Wallis filter, is used in order to reduce the effects of the inherent radiometric problems and
optimize the images for subsequent feature extraction and image matching procedure. The
method mainly consists of 3 processing stages. In the first stage, the noise characteristics of
the images are analyzed quantitatively in both homogeneous and non-homogeneous image
regions. The image blur problem (image unsharpness) is also addressed through the analysis
of the image’s Modulation Transfer Function (MTF). Then, an adaptive smoothing filter is
applied to reduce the noise level and at the same time, to sharpen edges and preserve even
fine detail such as corners and line end-points. Finally, the Wallis filter is applied to strongly
enhance and sharpen the already existing texture patterns.

The MPM matching procedure is the core of our approach. In this approach, the matching is
performed with the aid of multiple images, incorporating multiple matching primitives –
feature points, grid points and edges, integrating local and global image information and,
utilizing a coarse-to-fine hierarchical matching strategy.
The MPM approach mainly consists of 3 integrated subsystems: point extraction and
matching procedure, edge extraction and matching procedure and relational matching
procedure. These 3 subsystems are followed through the image pyramid and the results at
higher levels are used for guidance at the lower levels. At each pyramid level, the
correspondence is established in two matching stages – locally and globally. In the local
matching stage dense patterns of points and edges are matched. A unique and robust matching
algorithm - The Geometrically Constrained Cross-Correlation (GC3) algorithm is employed to
provide matching candidates for points and edge pixels. The algorithm is based on the
concept of multi-image matching guided from the object space and allows reconstruction of
3D objects by matching all the images at the same time, without having to go through the
processing of all individual stereo-pairs and the merging of all stereo-pair results. The GC3
method, with the self-tuning of the parameters, leads to a reduction of problems caused by
occlusions, multiple solutions and surface discontinuities. The global matching stage is
responsible for imposing global consistency among the candidate matches in order to
disambiguate the multiple candidates and avoid mismatches. The global matching is resolved
by a probability relaxation based relational matching method. It uses the local support
provided by points within a 2D neighborhood. This corresponds to imposing a piecewise
smoothness constraint, in which the matched edges serve as breaklines in order to prohibit the
smoothness constraint crossing these edges and preserves the surface discontinuities.
The modified Multiphoto Geometrically Constrained Matching (MPGC) and the Least
Squares B-Spline Snakes (LSB-Snakes) methods are used to achieve potentially sub-pixel
accuracy matches and identify some inaccurate and possibly false matches. The DSM derived
from the MPM module provides good enough approximations for these methods and
increases the convergence rate. The initial values of the shaping parameters in MPGC
matching can also be predetermined by using the image geometry and the derived DSM data.
Finally, for each matched point, a reliability indicator is assigned based on the analysis of the
matching results. For edges, a simplified version of the LSB-Snakes is implemented to match
the edges, which are represented by parametric linear B-spline functions in object space. With
this method, the parameters of linear B-spline functions of the edges in object space are
directly estimated, together with the matching parameters in the image spaces of multiple
images.
The system has been tested extensively of linear array images with different image resolution
and over different landcover types. The accuracy evaluation is based on the comparison
between high quality DEMs/DSMs derived from airborne Laser Scanner or manual
measurements and the automatically extracted DSMs. As evidenced by the visual inspection
of the results, we can reproduce not only the general geomorphological features of the terrain
relief, but also detailed features of relief. The results from the quantitative accuracy test
indicate that the presented concept has the capability to give good and encouraging results. If
the bias introduced by trees and buildings is taken out, we can expect a height accuracy of one
pixel or even better from satellite imagery as “best case” scenario. In case of very highresolution TLS/SI images (footprint 8 cm and better) it is obvious that the “one pixel rule”
cannot be maintained any more. Alone surface roughness and modeling errors will lead to
larger deviations, such that an accuracy of 2 to 5 pixels should be considered an acceptable
result.

Zusammenfassung
Die vorliegende Promotionsarbeit beschäftigt sich mit dem Thema automatische Generierung
von digitalen Oberflächenmodellen aus Bildern, welche mit Linearzeilensensoren erfasst
wurden. Die Untersuchungen dieser Arbeit sind hauptsächlich motiviert durch folgende
Gründe: In den letzten Jahren wurden CCD-Zeilensensoren weitestgehend genutzt um
panchromatische und multispektrale Bilder mit hoher Auflösung und Qualität für
Anwendungen in der Photogrammetrie und Fernerkundung zu generieren. Die meisten
Zeilensensoren haben die Fähigkeit, während des Fluges von mindestens zwei Blickwinkeln
von einem Gebiet Bilder zu erfassen. Das Prozessieren von diesen Bildern stellt eine
Herausforderung an die Neugestaltung der Algorithmen dar und öffnet uns die Möglichkeit,
einige photogrammetrische Arbeitsschritte nachzuprüfen und zu verbessern.
Die automatische Oberflächengenerierung mit den Matching-Methodenist ein Schwerpunkt
der Dissertation. Abgesehen davon, dass zu diesem Thema in den letzten Jahren eine Vielfalt
von Methoden entwickelt wurden, stiessen die entwickelten Module auf sehr ähnliche
Genauigkeitsgrenzen und Probleme in der Realisierung. Die automatischen Methoden
erfüllen bei weitem nicht die Standards, welche bei manuellen Messungen erreicht werden
können. Daher muss für die Entwicklung eines allgemeinen Systems für die automatische
Generierung von DSM-Daten grosse Sorgfalt getroffen werden. In das gesamte System sollen
einige spezielle Algorithmen integriert und miteinander verknüpft werden, um im Hinblick
auf Genauigkeit und auf Zuverlässigkeit angemessene Ergebnisse zu erhalten.
In der vorliegenden Promotionsarbeit wird eine Image-Matching Methode für die
automatische Generierung von Oberflächenmodellen vorgestellt. Diese Methode bietet die
Möglichkeit, genaue und zuverlässige Daten mit hoher Punktdichte zu erzeugen. Es werden
verschiedene Matching-Grundfunktionen genutzt, sowie vorhandenes und eindeutiges Wissen
betreffend der Bildgeometrie und radiometrische Informationen, die Kombination von
verschiedenen Bild-Matching Algorithmen, eine automatische Qualitätskontrolle und eine
hierarchische, vom groben zum feinen arbeitende Matching-Strategie integriert. Die
Integration von verschieden Matching-Primitiven und die effiziente Arbeitsweise mit
mehreren Bildern ist eine besonders hervorzuhebende Charaktereigenschaft dieser Methode.
Bei dem Algorithmus werden als Input die Bilder aus Zeilenkameras und die gegebenen oder
triangulierten Orientierungselemente verwendet. Nachdem die Originalbilder vorprozessiert
und die Bildpyramiden generiert wurden, werden 3 Typen von Objekten extrahiert. Es werden
fortschreitend von einer geringen bis zur Original-auflösung die Merkmals- und Rasterpunkte
sowie die Kanten im Bild bestimmt. Für jede Stufe der Bildpyramiden wird ein
Zwischenergebnis des Höhenmodells mit der strengen Delauney-Methode aus den vorher
bestimmten Objekten erzeugt. Dieses Zwischenergebnis wird wiederum als Näherung für die
nachfolgenden Pyramidenlevel sowie für die automatische Bestimmung der MatchingParameter genutzt. Letztendlich wird eine Least Square Matching Methode angewendet, um
die Genauigkeit der bestimmten Objekte zu erhöhen und grobe Fehler zu identifizieren.
Die vorliegende Methode besteht aus den folgenden verschiedenen Schritten, welche
gegenseitig miteinander verknüpft sind: Das Vorprozessieren der Bilder, die „multiple
primitive multi-image“ (MPM) Matching-Methode, das verfeinerte Matching und die
Beurteilung der Systemleistung. Jeder Arbeitsschritt ist wichtig und besitzt spezielle
Funktionen. Die einzelnen Funktionen werden detailliert in der Dissertation ausgearbeitet.
Als erstes wird das Vorprozessieren der Bilder beschrieben. Diese Methode verknüpft einen
adaptiven Glättungsfilter und den Wallisfilter miteinander, wobei die Bildradiometrie
verbessert werden soll. Zusätzlich bewirken diese Filter eine Optimierung der Bilder für die
anschliessende Objektextraktion sowie für das Bild-Matching. Dieser Teilschritt besteht

hauptsächlich aus drei Stufen. In der ersten Stufe werden die Rauscheigenschaften des Bildes
quantitativ in den homogenen und inhomogenen Bildregionen analysiert. Die Unschärfe im
Bild wird durch die Analyse der MTF (Modulation Transfer Function) bestimmt. Weiter wird
ein adaptiver Smoothing Filter angewendet um das Rauschen im Bild zu reduzieren und
zusätzlich die Kanten hervorzuheben sowie um feine Strukturen (Ecken und Endpunkte von
Linien) zu erhalten. Schlussendlich wird ein Wallis Filter angewendet, um die vorhandenen
Muster zu verstärken und zu schärfen.
Die MPM Matching Methode ist das Herzstück unseres Ansatzes. In dieser Anwendung wird
mit der Hilfe von mehreren Bildern ein Matching durchgeführt. Diese Methode verknüpft
verschiedene Matching Primitive wie Objektpunkte, Rasterpunkte und Kanten miteinander,
verwendet lokale und globale Bildinformationen und nutz eine hierarchische Vorgehensweise
(vom Groben zum Feinen).
Die MPM Methode ist in folgende drei Hauptarbeitsschritte zerlegbar: Punkterkennung und
anschliessendes Matching, Kantenextraktion und Matching sowie ein relationaler MatchingAlgorithmus. Diese Arbeitsschritte werden in allen Pyramidenstufen durchgeführt und die
Ergebnisse in den höheren Levels werden als Näherungen in den unteren Levels genutzt. In
der lokalen Matchingstufe wird ein dichtes Raster von Punkten und Kanten extrahiert. Nach
diesem Schritt folgt ein eindeutiger und robuster Matching-Algorithmus (Geometrically
Constrained Cross-Correlation (GC3) ) um Matching-Kandidaten für Punkte und Kantenpixel
zu erstellen. Dieser Algorithmus wird basierend auf dem Konzept des Multi-ImageAlgorithmus im Objektraum durchgeführt und erlaubt die Rekonstruktion von 3D-Objekten
durch Matching in allen Bildern zur selben Zeit. Höhenmodelle müssen daher nicht aus den
einzelnen Stereopaaren abgeleitet und anschliessend miteinander verknüpft werden. Die GC3
Methode, mit ebenfalls automatisch anpassbaren Parametern, führt zur Reduktion der
Probleme, welche beim Prozessieren durch Verdeckungen, Mehrfachlösungen und
Geländeunstetigkeiten entstehen. Die globale Matching-Stufe ist dafür verantwortlich dass im
Gesamten eine eindrucksvolle Konsistenz unter den Kandidaten aus dem Matching im
Hinblick die Identifizierung der Mehrfachkandidaten und um grobe Fehler zu vermeiden,
entsteht. Das globale Matching basiert auf einer relationalen Matching Methode, die den
„Probability Relaxation“ Algorithmus nutzt. Diese Methode verwendet die lokalen
Nachbarpunkten im 2D-Raum für die Berechnung und führt zu einer eindrucksvollen
stückweisen Glättungsbedingung, in der die extrahierten Kanten als Bruchkanten genutzt
werden. Die Kanten sowie die Oberflächenunstetigkeiten gehen nicht verloren.
Die modifizierte MPGC (Multi Photo Geometric Constrained) und die LSB-Snakes Methode
wird genutzt um Subpixel-Genauigkeit zu erhalten und identifiziert ungenaue Messungen und
mögliche Fehlmessungen. Das mit dem MPM-Modul abgeleitete Oberflächenmodell liefert
eine genaue Näherung für diese Methoden und erhöht damit die Konvergenzrate. Die
Startwerte für die Parameter der MPGC-Matching Methode können vorbestimmt werden,
indem die Bildgeometrie und das abgeleitete Oberflächenmodell benutzt wird.
Schlussendlich, basierend auf der Analyse der Matchingergebnisse, kann für jeden
bestimmten Punkt ein Wert für die Zuverlässigkeit ausgegeben werden. Für die Definition der
Kanten wurde eine einfache Form der Least Squares B-Spline Snakes (LSB-Snakes) Methode
implementiert, indem diese als parametrische lineare B-Spline Funktion im Objektraum
dargestellt werden. Dadurch werden die Parameter der linearen B-Spline Funktion der Kanten
im Objektraum im Zusammenhang mit den Matching Parametern im Bildraum für mehrere
Bilder direkt bestimmt.
Das entwickelte System wurde weitestgehend mit Bildern aus Linearzeilensensoren,
verschiedenen Bildauflösungen und über verschiedenen Landschaftstypen getestet. Die
Evaluation der Genauigkeit wurde mittels qualitativ hochwertiger Höhenmodelle und

Oberflächenmodelle, abgeleitet aus Laserdaten, oder manuellen Messungen und anderen
automatisch abgeleiteten Höhenmodellen analysiert. Durch eine visuelle Beurteilung der
Ergebnisse konnte nachgewiesen werden, dass die entwickelte Methode nicht nur generelle
geomorphologische Merkmale der Oberflächen sondern auch detaillierte Merkmale
bestimmen kann. Die Ergebnisse eines quantitativen Genauigkeitstests zeigten, dass die
Methode hat gute und vielversprechende Ergebnisse generiert. Wenn die systematischen
Fehler, verursacht durch Bäume und Gebäude, nicht mit berücksichtigt werden, können wir
Genauigkeiten in der Höhe bei Satellitenbildern von einem Pixel oder besser im „best case“
Szenario erwarten. Unter Verwendung der hochauflösenden TLS/SI Bilder (Bodenauflösung
von 8 cm und besser) kann das eine Genauigkeit von einem Pixel nicht mehr erzielt werden.
Allein die Beschaffenheit der Oberfläche und Modellierungsfehler führen zu grösseren
Fehlern. Daher können hier Ergebnisse mit Genauigkeiten von 2-5 Pixel als gute Ergebnisse
bezeichnet werden.
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1. Introduction

Chapter 1. Introduction
1.1 Motivation
Digital Surface Models (DSMs) are often referred to as the models for the first reflective or
visible surface, while Digital Terrain Models (DTMs) are usually referred to the bare earth,
i.e. without trees, buildings and other natural and manmade features. They are classical and
common products from (digital) photogrammetric systems. In modern map production,
DSMs/DTMs have become an information source for scene analysis and understanding, for
change detection, for GIS database updating, for cartographic 3D feature extraction and
reconstruction. In particular, DSMs in suburban and urban areas are very useful for a great
number of applications, which include the inter-visibility calculations for the optimization of
the location of telecommunication antennas, risk mapping, (true) orthoimage generation,
mission planning and rehearsal, virtual and augmented reality applications and urban
planning.
Besides the Light Detection and Ranging (LIDAR) and the Interferometric Synthetic Aperture
Radar (IFSAR) techniques, photogrammetric techniques have been used to produce
DSMs/DTMs using two or more images. Digital photogrammetry has provided an increased
amount of automation in the generation of these elevation datasets. The increasing use of
digital sensors, some obtaining multiple views of the terrain during a single flight line or
orbit, will likely increase the amount of automation involved in producing elevation
measurements and the ability to determine the bare earth surface (McGlone, 2004). In recent
years, linear array sensors have been widely used to acquire panchromatic and multi-spectral
imagery for photogrammetric and remote sensing applications. The processing of these kinds
of images provides a challenge for algorithmic redesign. This also opens the possibility to
reconsider and improve many photogrammetric processing components. In particular, the
advantage of using linear array images for DSM/DTM generation is mainly twofold: Linear
array sensors, working with the Three-Line Scanner principle, have the ability to acquire
more than two views of the terrain surface. They enable the multi-image matching procedure,
which leads to a reduction of problems caused by occlusions, multiple solutions and surface
discontinuities. Additionally, higher measurement accuracy can be achieved through the
intersection of more than two imaging rays. Meanwhile, most of the sensors deliver high
quality 16 bit panchromatic and multi-spectral images, and this characteristic is believed to
result in a major improvement for image matching in terms of reducing the number of
mismatches in poorly textured areas and especially in “dark” shadows.
In the past years, due to the easy availability of the digital (stereo) images from recent
airborne/spaceborne sensors in the visible and infrared spectrum, a large number of
researchers around the world have investigated the extraction of elevation and/or the
production of DSMs/DTMs. A wide variety of approaches have been developed and
automatic DSM/DTM generation packages are in the meanwhile commercially available on
several digital photogrammetric workstations. Although the algorithms and the matching
strategies may differ from each other, the accuracy performance and the problems
encountered are very similar in the major systems and, the performance of commercial image
matchers does by far not live up to the standards set by manual measurements (Gruen et al.,
2000). The key to successful and reliable matching is matching dense patterns of features with
an appropriate matching strategy, making use of all available and explicit knowledge,
concerning sensor model, network structure and image content. Even then, due to the lack in
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image understanding capability and the great complexity of the image data, it appears to be
impossible to find one algorithm capable of handling all possible cases and resulting in
perfect DTMs/DSMs that could live up to the standards set by manual measurements.
However, it does make sense to develop a general framework for automatic DSM/DTM
generation to efficient utilise the new characteristics provided by newly developed digital
sensors. The system should be designed as being able to cope with various image sources
(including the linear array images), into which specific algorithms can be inserted easily,
investigated and combined in order to achieve reasonable results in terms of precision and
reliability.
The work presented in this thesis is an important subsystem of the Three-Line-Scanner project
(see http://www.photogrammetry.ethz.ch/research/TLS/index.html) and the “DTM generation
from SPOT5” project (see http://www.photogrammetry.ethz.ch/research/spot5/index.html).
The first project is a co-operation between the Institute of Geodesy and Photogrammetry
(IGP), ETH Zurich and the STARLABO Corporation, Tokyo. It involves the design and
development of the application software for the TLS/STARIMAGER systems (manufactured
by STARLABO Corporation, Tokyo). This includes user interface, manual measurement
system, image enhancement, rectification, orthophoto generation, triangulation, point
positioning and DTM/DSM generation. The latter project has been carried out within the
ISPRS/CNES Initiative on DTM generation from SPOT5-HRS stereo scenes.
Automatic DSM/DTM generation by using the linear array imagery data, which includes the
very large-scale (3-10 cm) airborne STARIMAGER images and the high-resolution (1-5 m)
satellite images, is the topic of this thesis. It relates to the efforts of developing a general
image matching system that can be used to provide dense, precise and reliable DSM/DTM
results. For this purpose, we have to achieve our goal based on the analysis and the
knowledge of the given data, we have to combine newly developed algorithms with several
existing matching algorithms through a coarse-to-fine strategy. Meanwhile, new
characteristics provided by these linear array imaging systems, i.e. the multiple view terrain
coverage and the high quality image data, should be fully and efficiently utilised.

1.2 Characteristics of Proposed Approach
We have developed an image matching approach for automatic DSM generation from linear
array images. The approach uses a coarse-to-fine hierarchical solution with a combination of
several image matching algorithms and automatic quality control. The new characteristics
provided by the linear array imaging systems, i.e. the multiple view terrain coverage and the
high quality image data, are efficiently utilized in this approach. In addition, the approach is
in a flexible way designed for further extension to other image sources such as the traditional
aerial photos, and has the possibility to integrate existing data sources like DSMs/DTMs.
The presented approach essentially consists of several mutually connected components: the
image pre-processing, the multiple primitive multi-image (MPM) matching, the refined
matching and the system performance evaluation. We take the linear array images and the
given or previously triangulated orientation elements as inputs. After pre-processing of the
original images and production of the image pyramids, the matches of three kinds of features,
feature points, grid points and edges, on the original resolution image are finally found
progressively starting from the low-density features on the low resolution part of the image
pyramid. A TIN form DSM is reconstructed from the matched features on each level of the
image pyramid by using the constrained Delanuey triangulation method. This TIN in turn is
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used in the subsequent pyramid level for the approximations and adaptive computation of the
matching parameters. Finally least squares matching methods are used to achieve more
precise matches and identify some false matches. The procedure is characterized by the
following items:
● Multiple image matching: We do not aim at pure image-to-image matching. Instead of
that we directly seek for image-to-object correspondences. We have developed a new flexible
and robust matching algorithm – the Geometrically Constrained Cross-Correlation (GC3)
method in order to take advantage of the multiple images. The algorithm is based on the
concept of multi-image matching guided from object space and allows reconstruction of 3D
objects by matching all the images at the same time, without having to go through the
processing of all individual stereo-pairs and the merging of all stereo-pair results.
● Matching with multiple primitives: We have developed more robust hybrid image
matching algorithms by taking advantage of both area-based matching and feature-based
matching techniques and utilizing both local and global image information. In particular, we
combine an edge matching method with a point matching method through a probability
relaxation based relational matching process.
● Self-tuning matching parameters: The adaptive determination of the matching
parameters results in higher success rate and less mismatches. These parameters include the
size of the correlation window, the search distance and the threshold values. This is done by
analyzing the results of the higher-level image pyramid matching and using them at the
current pyramid level.
● High matching redundancy: With our matching approach, highly redundant matching
results, including points and edges can be generated. Highly redundant matching results are
suitable for representing very steep and rough terrain and allow the terrain microstructures
and surface discontinuities to be well preserved. Moreover, this high redundancy also allows
automatic blunder detection. Mismatches can be detected and deleted through the analysis and
consistency checking within a small neighborhood.
● Efficient surface modeling: The object surface is modeled by a triangular irregular
network (TIN) generated by a constrained Delauney triangulation of the matched points and
edges. A TIN is suitable for surface modeling because it integrates all the original matching
results, including points and line features, without any interpolation. It is adapted to describe
complex terrain environments that contain many surface microstructures and discontinuities.
● Coarse-to-fine hierarchical strategy: The algorithm works in a coarse-to-fine multiresolution image pyramid structure, and obtains intermediate DSMs at multiple resolutions.
Matches on low-resolution images serve as approximations to restrict the search space and to
adaptively compute the matching parameters. The least squares matching methods are finally
used to achieve potential sub-pixel accuracy matches for all the matched features and identify
some inaccurate and possibly false matches.
The system has been tested extensively with linear array images of different image resolution
and over different landcover types (including hills and rugged mountain areas, suburban and
urban areas). The accuracy evaluation was based on the comparison between high quality
DEMs / DSMs derived from airborne Laser Scanner or manual measurements and the
automatically extracted DSMs. Experiments have demonstrated that our approach has the
capability to give good and encouraging results.
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1.3 Thesis Organization
This thesis is built over 8 main chapters. After this introduction chapter, we will give
descriptions of the linear array sensors, their characteristics and sensor models in chapter 2.
The constraints of the input data, the matching considerations and the general strategy for our
proposed DSM generation approach will be presented in Chapter 3. The characteristics of the
input data sources, with respect to the image matching problems, will be firstly described in
3.1. Then, based on a review of the existing image matching techniques and algorithms in
terms of the type of matching primitives, the employed constraints and the matching
strategies, the matching considerations and the general matching strategy of our approach will
be outlined.
Chapter 2 and 3 mainly supply the reader with many references where more details can be
found. They are necessary to supply the reader with information on linear array imaging
systems and image matching techniques, permitting thus a better understanding and a
possibility of comparison with our developed system. Following these two chapters, the
detailed description of our system and its performance is contained in Chapters 4 to 7. They
build up the main parts of this thesis.
In Chapter 4, based on the quality analysis of the linear array images with respect to the
signal-to-noise ratio and the Modulation Transfer Function (MTF), a pre-processing
algorithm, which combines an adaptive smoothing filter and the Wallis filter, will be
presented. The algorithm has been used to process the original images in order to enhance the
useful textures, sharpen the edges and, at the same time reduce the inherent radiometric
problems and the image noise and therefore, optimize the images for subsequent feature
extraction and image matching procedures.
Chapter 5 gives a detailed description of the Multiple Primitive Multi-Image (MPM)
Matching approach. It is the core of our developed method for accurate and robust DSM
reconstruction. In the MPM approach, the matching is performed with the aid of multiple
images (two or more), incorporating multiple matching primitives – feature points, grid points
and edges, integrating local and global image information and, utilizing a hierarchical
matching strategy. The point extraction and matching procedure will be described in 5.2. The
principle and performance of the Geometrically Constrained Cross-Correlation (GC3)
algorithm will also be described in more details in this section. The edge extraction and
matching procedure, the relational matching procedure will be described respectively in 5.3
and 5.4. Finally in 5.5, the coarse-to-fine matching strategy and some considerations will be
explained. In each section, some intermediate experimental results for different components
of the MPM matching approach will also be presented.
In Chapter 6, the least squares approaches will be presented. They are employed to achieve
potentially sub-pixel refined matching results for points and edges. In our case, a modified
Multiphoto Geometrically Constrained matching method is used for point matching while
Least Squares B-Spline Snakes (LSB-Snakes) are used for matching edges, which are
represented by parametric linear B-splines in object space. The chapter starts from a
description of the evolution of the Least Squares Matching (LSM) techniques. The modified
MPGC algorithm, which is suitable for processing linear array images, together with some
practical considerations for point matching will then be presented in 6.2 and, finally we will
present the refined edge matching by means of LSB-Snakes in 6.3.
In Chapter 7, we will present the performance evaluations for our system. The performance
evaluation is based on the comparison between high quality DEMs / DSMs derived from
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airborne LIDAR or manual measurements and the automatically extracted DSMs, and on
visual inspection of the results. Experiments from the very high-resolution STARIMAGER
images and from the high-resolution satellite linear array images such as the IKONOS and
SPOT5 images will be reported.
The last part, Chapter 8, will give conclusions about the characteristics and performance of
the developed system and discuss the advantages, limits and perspectives of such a DSM
generation system. Finally, recommendations for system improvement and further research
will be given.
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Chapter 2: Linear Array Sensors and Sensor Modeling
In the last decades, revolutionary changes have occurred in photogrammetry. The transition
from analogue and analytical towards digital photogrammetric systems is almost completed.
The only missing link to close the chain of a completely digital workflow results from the
traditional photogrammetric image recording, which is still based mostly on analogue film
material to be scanned for digitization. For this reason great efforts are made to develop digital
camera systems.
With progress in the charge-coupled device (CCD) and the complementary metal-oxide
semiconductor (CMOS) technology digital sensor systems, together with their data processing
systems, have emerged and grained a rapid acceptance, both in spaceborne and airborne
applications. Digital sensor systems are well known to have certain performance advantages
over traditional photographic film-based systems. The most significant benefits include the
time and cost savings (no film development and scanning is necessary), the high radiometric
accuracy and resolution achievable even under conditions of low scene contrast. A further
advantage, both in military and civil applications is that CCD-based arrays are amenable to
real-time data transmission. Another major advantage is that these systems, in particular the
airborne systems, can capture panchromatic and multi-spectral imagery simultaneously, which
is similar to those spaceborne sensors but with better spatial resolution and accuracy. This
functionality will open up a new market segment for airborne remote sensing applications in
agriculture, forestry, disaster management and many other areas.
The sensor of a digital imaging system is typically a CCD or a CMOS chip. By arranging
individual sensor elements, i.e. pixels, into rectangular or linear formats, systems can be split
into CCD frame array and linear array systems. The frame array system, at the first glance, is
the most interesting one, because processing of the image data requires only minor
modifications of the current digital photogrammetric systems. However, the production of
large area sensors, containing tens of millions of identically behaving sensor elements, is a
very complex and difficult task. It takes more efforts to replace the large format film-based
cameras with equivalently sized digital frame systems. The Digital Modular Camera (DMC)
from Z/I Imaging and UltraCam-DTM from Vexcel are two main commercial systems based on
the combination of several CCD frame arrays to provide a large format camera. Linear array
CCD sensors are interesting alternatives for aerial and even more so for space
photogrammetry. In recent years, linear array sensors have been widely used to acquire
panchromatic and multi-spectral imagery for photogrammetric and remote sensing
applications. The most advanced camera concept makes use of 3 linear CCD sensor arrays. In
this case, stereo images are acquired quasi-simultaneously. Since the imagery is acquired
while the sensor platform is moving, it usually requires more sophisticated processing
techniques.
The goal of this dissertation is to develop an automatic DSM generation approach by using
linear array images. Hence, in this chapter, we will give a brief description of the linear array
sensors, their characteristics and sensor models.

2.1 Linear Array Sensors
Solid-state linear array technology can be used to produce high performance images in both
radiometric and geometric terms. In photogrammetry and remote sensing, high spatial
resolution digital sensors have been developed to collect panchromatic and multispectral
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imagery. Most of these digital sensors work in pushbroom mode and capture continuous strips
of images of the Earth. Sensors working in pushbroom mode can also be referred to as
pushbroom sensors or linear array sensors. Figure 2-1 shows the idea behind a pushbroom
sensor. In general terms, a pushbroom camera consists of an optical system projecting an
image onto a linear array of sensors, typically a CCD line array. At any time only those points
are imaged that lie in the plane defined by the optical center and the line containing the sensor
array. This plane is called the instantaneous view plane or simply view plane. The pushbroom
sensor is normally mounted on a moving platform. As the platform moves, the view plane
sweeps over a region. The sensor array, and hence the view plane, is approximately
perpendicular to the direction of motion. The magnitude of the charge accumulated by each
detector cell during some fixed interval, called the dwell time, gives the value of the pixel at
that location. Thus, at regular intervals of time, one-dimensional images of the view plane are
captured. The ensemble of these one-dimensional images constitutes a two-dimensional
image. It implies that one of the image dimensions depends solely on the sensor motion.

Figure 2-1: Schematic diagram of an ideal pushbroom sensor system. Cross-track
coverage is determined by the number of detectors in the focal plane and the field-ofview (FOV) of the lens system. The forward motion of the platform produces alongtrack coverage.
Generally, pushbroom sensors work better with a predictable and stable flight pattern. Derenyi
and Konecny (1966) pointed out that effects of continuously changing orientation elements
could create large distortions in pushbroom line scan imagery, hence the geometric fidelity of
such imagery is low and point identification can be difficult, unless these distortions are
prevented or eliminated. They suggested that gyro stabilization and automatic pilot, or a
continuous recording of orientation elements, are the best means for obtaining imagery for
mapping. Colvocoresses (1982) also stated that the instability of an aircraft in the atmosphere
might make approaches with linear array sensors impractical. Therefore, in the early days, the
pushbroom sensors were almost all carried in spaceborne platforms because the environment
of the space is favorable to achieve a stable orbit. SPOT satellite’s High-Resolution Visible
(HRV) camera is a well-known example of a pushbroom system (Chevrel, et al., 1981). For
SPOT, the linear array sensor consists of a 6000 pixel array of electronic sensors covering an
angle of 4.2 degrees. This sensor array captures a row of imagery at 1.504 ms time intervals
(that is, dwell time = 1.504 ms). As the satellite orbits the earth, a continuous strip of imagery
is produced. This strip is then split into images, each consisting of 6000 rows. Hence a
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6000×6000 pixels image is captured over a 9-second flight of the satellite. Such an image
covers a square with a side length of approximately 60-km on the ground.
For accurate stereo mapping from space, the sensor system must view the same ground area
from two different positions. The ratio of the baseline between exposures to the height must be
between 0.6 and 1.0 to achieve acceptable elevation accuracy. Derenyi (1973) suggested that
stereoscopic coverage can be gained with the pushbroom sensors by side-lapping flight orbits,
by two sensors arranged in a convergent manner, or by a special dual lens or channel sensor
package such as two linear arrays being scanned simultaneously at diverging angles. He
studied the relative orientation of the continuous-strip imagery and further stated that triplechannel recording scheme, which presupposes that three sets of images are recorded
simultaneously, one of which is a vertical view of the terrain and the other two are taken at
diverging angles, are the most promising solution for image orientation elements
reconstruction and stereo mapping with linear array sensors. Welch (1981) studied the
proposed StereoSat mission and pointed out the possibilities of acquiring analogue / digital
stereo image data of cartographic quality with linear array camera systems. Colvocoresses
(1982) and Snyder (1982) proposed a stereo mapping satellite – MapSat, which consists of
fixed fore, vertical and aft linear arrays, so that any two of which may be used simultaneously
to obtain digital images for stereo mapping. Both cases deal with spaceborne stereo
pushbroom scanners and they did not become operational. Hofmann and Nave (1984)
presented a new digital photogrammetric procedure for generating and processing linear array
images and gave the fundamental theory for three-line stereo imaging techniques, also known
as the three-line scanner principle. With the three-line scanner, each terrain point is imaged at
three image strips that provided by three linear arrays mounted on the focal plane. The
fundamental geometrical condition imposed is the requirement that the rays through the three
corresponding image points and the corresponding instant perspective centers intersect in the
terrain surface. Based on the principle of aerial-triangulation and bundle adjustment, the
orientation parameters along the flight trajectory and the coordinates of terrain points can be
determined with the aid of a certain number of ground controls points (GCPs). They also
pointed out that the three-line scanner imagery improves the reliability and precision of the
automatic image correlation and the generation of the orthophotos.
In Figure 2-2, a digital camera, based on the Three-Line scanner principle, contains in the
focal plane of an objective three CCD linear arrays A, B and C, which are orientated
perpendicular to the flight direction of the carrier. Their mutual separations determine the
stereo base. During the flight, these linear sensor arrays A, B and C scan the terrain according
to the pushbroom principle with a synchronous image cycle N, thereby producing 3
overlapping image strips As, Bs and Cs of the same terrain but with different perspectives.
Owing to the movement of the carrier, a set of orientation parameters (XN,YN,ZN,ωN,ϕN,κN)
applies to each image cycle. On the other hand, each terrain point Pi(Xi,Yi,Zi) is imaged at 3
different image lines NA, NB, NC of the corresponding sensor arrays A, B and C. Since the
position of the linear arrays within the image plane and the pixel intervals are known, the
image coordinates xA and yA, xB and yB, xC and yC of any imaged terrain point Pi can be
computed.
To generate 3D terrain models, we use the fact that each terrain point is scanned from 3
different camera positions at 3 different image cycles NA, NB, NC. Consequently, there exist 3
image rays intersecting in that terrain point. For each of the rays EA, EB, EC the collinearity
equations are set up. They contain in each case the image coordinates and the orientation
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parameters as well as the object coordinates. They allow a straightforward least-squares
adjustment for the whole imagery and the terrain points. This fact also is the base for
orientation of the digital three-line scanner images.

Figure 2-2: Principle of the three-line scanner (courtesy Hofmann and Nave (1984))
In the last few years, the three-line scanner concept has been realized for spaceborne as well as
airborne projects. Several sensor systems based on the three-line scanner concept are listed in
the following together with their brief description. See the corresponding publication for more
details.
• Monocular Electro-Optical Stereo Scanner (MEOSS)
It was built under the management of the German Aerospace Research Establishment - DLR
(Lanzl, 1986). After some airborne test flights, MOESS was planned to circle the Earth on an
Indian satellite but unfortunately the camera was lost in a launch failure in fall 1993. Lehner
and Gill (1989), and Heipke et al. (1990, 1996a) presented the evaluation results for
photogrammetric processing of MOESS data from airborne test flights.
• High-Resolution Stereo Camera (HRSC) and Wide-Angle Optoelectronic Stereo
Scanner (WAOSS)
These two systems were designed for the exploration of the planet Mars in the international
space mission Mars96 and European Mars Express mission 2003. Both of them were
developed under the management of the DLR (Neukum et al., 1995; Scholten et al., 1999).
The HRSC instrument was designed for local and regional coverage of selected Martian
surface areas. Typically, image strips of more than 300 km length were collected. These strips
were recorded as overlapping data from 9 separate sensors (3 panchromatic stereo sensors, 4
multispectral sensors, and 2 additional photometric sensors). After ground data processing, the
image data resulted in high resolution (up to 10 m GSD), stereo, and thematic map
information. WAOSS was designed for wide angle scanning of the complete Martian surface
and atmosphere. Three CCD line sensors provided panchromatic wide angle stereo coverage in
moderate (80 m) and low resolution (1000 m). In addition, DLR has further developed an
airborne version of HRSC named HRSC-A and a corresponding photogrammetric software
processing system (Gwinner, et al., 1999; Neukum, 1999b).
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• Modular Optoelectronic Multispectral Scanner (MOMS-02/D2)
The MOMS-02/D2 is an Earth observation experiment in the course of the second German
spacelab mission D2. It was successfully flown in spring 1993. The MOMS-02 sensor has the
capability of acquiring simultaneously high-resolution 4.5 m (panchromatic) and 13.5 m
(multispectral) remote sensing data from space. It consists of five lenses for simultaneous high
resolution, stereo and multispectral data acquisition. The stereo module consists of three lenses
with one CCD line sensor each, which provide a forward-, a nadir- and a backward-looking
view. The central lens enables high quality data acquisition with a ground resolution of 4.5 m,
while other two lenses allow for a recording of multispectral information. Lehner and Kornus
(1994) reported the first promising results of photogrammetric processing of MOMS-02/D2
data. Other results of simulation, calibration and data processing have been reported by Ebner
and Strunz (1988), Ackermann et al. (1991), Ebner et al. (1991, 1992), Lehner and Gill (1992),
Fraser and Shao (1996) and Baltsavias and Stallmann (1996).
• Digital Photogrammetric Assembly (DPA)
The DPA system is an airborne linear array scanner system combined with an integrated GPS
and INS component. It was developed by the Daimler-Benz Aerospace AG (DASA), formerly
MBB GmbH. The camera consists of three panchromatic CCD linear arrays for in-flight stereo
imaging and four CCD linear arrays for multi-spectral imaging using exchangeable filters. The
fundamental idea of the system is to get single pass coverage and multi-spectral coverage of a
scene by recording all seven channels simultaneously (Mueller et al., 1994; Haala et al., 1997;
Fritsch, 1997; Schlueter, 1998, 2000).
• Wide Angle Airborne Camera (WAAC)
The WAAC was developed for airborne applications. For details of the system and data
processing chain refer to Boerner et al. (1997), Sandau and Eckert (1996).
• Airborne Digital Sensor (ADS40)
The ADS40 is the first commercial airborne line scanner. It was developed by DLR/LH
Systems and introduced at the XIXth ISPRS Congress in Amsterdam (Reulke et al., 2000;
Sandau et al., 2000). It was designed to offer photogrammetric performance in terms of
coverage, high resolution and consistent geometric precision. The ADS40 has seven parallel
linear arrays – three panchromatic arrays (forward, nadir and backward), three colour arrays
(red, green and blue) and one infrared – in the focal plane of a single lens system. The three
panchromatic sensor lines produce the forward, nadir and backward views along the strip. This
yields a stereo angle of 26° between the forward and nadir arrays and 16° between the nadir
and backward arrays. Each panchromatic line consists of two linear arrays, each with 12000
pixels, but staggered by half a pixel. For the detailed parameters and data processing methods,
please refer to Tempelmann et al. (2000), Fricker (2001), Hinsken et al. (2001), Tempelmann
et al. (2003), Pateraki et al. (2004), Pateraki and Baltsavias (2003).
• Three-Line Scanner / StarImager (TLS / SI)
In the year 2000, STARLABO Corporation, Tokyo designed a new airborne digital imaging
system, i.e. the Three-Line-Scanner (TLS) system (was later renamed as STARIMAGER
(SI)), jointly with the Institute of Industrial Science, University of Tokyo and completed in the
meantime several test flights. The TLS / SI system was originally designed to record line
features (roads, rivers, railways, power-lines, etc) only, but later tests also revealed the
suitability for general mapping and GIS-related applications. However, this was already
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conceived by Murai and Matsumoto (2000), Murai (2001). The TLS / SI system will be
described in details in section 2.2.
In addition, there are also other systems working in pushbroom mode and obtaining stereo
imagery based on the three-line scanner principle. Examples are the High-ResolutionStereoscopic (HRS) sensor of the French SPOT5 satellite, IKONOS of SpaceImaging,
QuickBird of DigitalGlobe, the Panchromatic Remote Sensing Instrument for Stereo Mapping
(PRISM) of the Japan’s ALOS system, etc. Among these systems, MEOSS, DPA, WAAC,
ADS40 and TLS / SI are airborne systems whereas MOMS-02/D2, HRSC, WAOSS, HRS /
SPOT5, IKONOS, QuickBird and PRISM are designed for spaceborne applications. Usually
airborne systems directly implement the three-line scanner principle, by arranging linear
arrays in the focal plane of one single lens whereas spaceborne systems like MOMS-02/D2,
HRSC and WOASS implemented it by placing linear arrays in the focal planes of more than
one lens. During flight the sensors continuously scan the terrain with a constant frequency,
recording multiple images with multi-spectral channels. In general, these systems are equipped
with GPS, IMU and star trackers to record and maintain precise camera position and attitude.
In particular, IKONOS and QuickBird are agile satellite systems with off-nadir viewing
capability up to 60° in any azimuth. They implement the three-line scanner principle in a very
unique way. For instance, IKONOS uses only one linear array to form along-track stereo
images by pointing to the imaging area with a fore-looking angle when approaching the area to
produce the fore-looking image. It changes the looking angle to 0° when above the area and to
an aft-looking angle when leaving the area. The agile pointing capability enables the
generation of same-date along-track stereo images from the same orbit, which has a clear
advantage to cross-track stereo image acquisition because it reduces radiometric differences,
and thus increases the correlation success rate in the automatic image matching process. In
addition to along-track stereo capability, systems like SPOT 1,2 and 3, IRS-1C/1D, and the
High-Resolution-Geometry (HRG) sensors of SPOT5 are able to pivot in orbit to collect crosstrack stereo images.
Our group at the Institute of Geodesy and Photogrammetry (IGP), ETH Zurich, is currently
involved in the design and development of the application software for the TLS/SI system.
This includes user interface, manual/semi-automated measurement system, image
enhancement, rectification, orthoimage generation, triangulation, point positioning,
DSM/DTM generation and 3D city modeling. Therefore, we will give a detailed description
about the TLS/SI system and use this system as an example to describe the main
characteristics of the linear array sensors in the next section.

2.2 Three-Line Scanner (TLS) / STARIMAGER (SI) System
STARIMAGER (at the beginning, the system was called TLS, but we will use the current
name SI to represent this system in the remaining part of this thesis) is an airborne imaging
system developed jointly in 2000 by the STARLABO Corporation of Japan and the Institute of
Industrial Science, University of Tokyo (Murai, Matsumoto, 2000; Murai, 2001; Chen et al.,
2001). It utilizes the Three-Line-Scanner principle to capture digital image triplets, which
consist of high-resolution panchromatic and multispectral data, in along-strip mode.
STARIMAGER was designed mainly for large-scale mapping, high resolution DSM/DEM
generation, 3D urban area modeling, temporary disaster investigation, line objects (e.g. roads,
rivers, railways, etc.) mapping, surveying and remote sensing applications.
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Figure 2-3: The major subsystems of the TLS / SI system
(courtesy Chen et al., 2003)
Basically, the SI system is composed of eight main subsystems: (1) ground communication
system, (2) airborne GPS receiver system, (3) attitude stabilizing control system, (4) imaging
system, (5) image data preprocessing system, (6) data storage system, (7) data postprocessing
system, and (8) image display and analysis system (Chen et al., 2003). These subsystems can
be further functionally divided into several assemblies. For example, the imaging system
typically has three major subassemblies: stabilizer, IMU, and Three-Line-Scanner camera.
Figure 2-3 illustrates the concept of SI system. Based on these concepts, a prototype of the
three-line scanner imaging system was developed in year 2000. Several test flights over
different landcovers and for various practical applications have been completed with SI system
mounted on a helicopter flying at about 500 meters. From experiments of the first generation
of STARIMAGER-100 (SI-100), STARLABO has developed new generation camera systems,
called SI-200 and SI-250, with higher image resolution and improved lens systems. Now a
newly improved SI-290/SI-300 system is in the development/test phrase. It can be mounted on
both helicopter and aircraft.
• Imaging System
The imaging system - a three-line scanner camera - is composed of two main components:
CCD linear array sensors and a single lens system. The imaging system uses linear array
sensors, which is justified by the fact that long CCD lines are available with no defective
pixels and so met the goals of both broad coverage and high quality.
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Figure 2-4: SI-100 CCD line sensor configuration on the focal plane

(a)
(b)
Figure 2-5: Focal plane of the SI-100 (a) and SI-200/SI-250 showing the layout of the CCD
line sensors
Figure 2-4 and Figure 2-5(a) show the configuration of CCD line sensors on the focal plane of
the SI-100. Three parallel chips embedded within 3 CCD linear sensors, sensitive to red (598860 nm), green (506-577 nm), and blue (413-505 nm) light, respectively, are mounted on the
focal plane to collect image data. Each CCD linear sensor has 10200 elements set at an
interval of 0.007 mm. The central chip is in the center of the focal plane to collect the nadir
viewing images. The other two are located at the margins of the focal plane at 23.032 mm
from the central CCD chip, to collect the backward and forward viewing images. The interval
between the linear sensors working in red, green, and blue channel in one chip is 0.154 mm
(22-pixel width). This configuration results in a total number of nine image strips in one flight
mission. Three mono-spectral image strips, collected by the forward, nadir and backward CCD
sensors, can be used for stereo mapping. Stereoscopic viewing is possible using any of the
three pairs that can be chosen from the three strips. Color image strips can be constructed with
the nine image strips with a reduced resolution. The dynamic range of the CCDs is typically
12 bits and the readout frequency of each line can be adapted to 500 Hz with the flight
velocity and altitude of the aircraft. Since these CCD arrays are combined parallel to each
other and orientated perpendicular to the flight direction of the aircraft, seamless highresolution images (5-10 cm footprint) with three viewing directions (forward, nadir and
backward) are generated due to the aircraft motion by scanning the terrain surface
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simultaneously. SI-200/SI-250 uses an improved lens system and with 10 CCD arrays on the
focal plane, where 3 × 3 work in RGB mode and 1 CCD array works in infrared (760-860 nm)
mode (Figure 2-5(b)). Each CCD array consists of 14 400 pixels at 0.005 mm pixel size. For
the SI sensor and imaging parameters please see Table 2-1.
Table 2-1: SI system parameters
Focal length (mm)
Number of pixels per array
Pixel size (µm)
Stereo CCD arrays
Multi-spectral CCD arrays
Stereo view angle
(F/N/NIR/B)
Field of view (cross-track)
Scan line frequency
Platform

SI-100
60.0
10200
7.0
3
3 RGB
-21°/0°/NA/21°
61.5°
500
Helicopter

SI-200/SI-250
65.0/60.0
14400
5.0
4
3 RGB+1 NIR
-21°/0°/16°/30°
-23°/0°/17°/32°
68.0°
500
Helicopter

SI-290/SI-300
90.0
14400
5.0
4
3 RGB+ 1 NIR
-16°/0°/12/23°
58.5°
500
Helicopter/Plane

The long linear arrays, in conjunction with a lens with a field of view across track of 58.568.0°, provide for good enough swath width and area coverage. SI imagery has a different
geometry from the traditional frame-based photography. Unlike with frame-based
photography, the three-line scanner geometry is characterized by nearly parallel projection in
along-track direction and perspective projection in cross-track direction. Relief displacement
across the track is similar to the frame camera, but in each of the three strips the relief
displacement along the track is a function only of the height of the object and not of its
position in the strip (Figure 2-7). This characteristic has an advantage at least for orthoimage
generation, i.e. orthoimages generated from the nadir viewing images have little or even no
building lean in along-track direction. Also, through the constant viewing angle of all lines,
the forward and backward images show much details of building facades.
High performance photogrammetric cameras require high resolution geometric, spectral and
radiometric calibration. An inaccurate interior orientation will consequently lead to systematic
errors in the photogrammetric point determination as well as in all follow-up products. The
methods of camera calibration include self-calibration and laboratory system calibration. The
parameters of the interior orientation (shift of the convergent stereo channels, offset of the
multispectral line arrays, focal length, lens distortion, etc.) are calibrated with a collimator in
a laboratory environment. In this procedure, the object-space angles of a sufficient number of
sensor elements in the CCD arrays in two direction as seen through the optics are measured
with the collimator in order to estimate the interior orientation parameters and lens distortion
by applying a mathematical camera model. For details of this laboratory calibration method
please refer to Chen et al. (2003). Self-calibration is another efficient and powerful technique
used for calibration of photogrammetric imaging systems. In Kocaman (2005), after the
definition of the major systematic error sources for the SI system, a self-calibration algorithm
has been developed and tested with image data from the test fields Yoriicho and GSI
(Geographical Survey Institute) in Japan.
• The Stabilization Platform
To produce high quality optical coverage with a line scanning system, a flight stabilization
platform is used aboard the aircraft to keep the orientation of the sensor as nearly constant as
possible, by attempting to compensate for changes in the orientation of the aircraft. Of course,
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it is possible to georeference imagery on the basis of an INS / DGPS system, if there is nonperfect or even no stabilization, but gaps and overlaps in the images may occur depending on
the degree of angular motions of the aircraft. A high-precision stabilized platform was
developed in 2000 by Japan Aerial Electric Co. Ltd., STARLABO Corporation, and the
University of Tokyo. The platform is designed to carry different types of photogrammetric and
remote sensing devices. The target performance of the stabilizer used in the SI system is about
20″ for yaw and 10″ for pitch and roll. The measured performance was 25″ for yaw and 15″
for pitch and roll. That means the ground points can be controlled to be within 10 cm from a
flight of 1000 m flying height (Chen et al., 2003). The system is able to provide precisely
stabilized imagery even for low flying height aircraft under turbulent air conditions. The
stabilizer keeps the camera pointing vertically to the ground in order to get high quality rawlevel images. Residual image inclinations and yaw deviations are recorded. Together with the
data from the DGPS and augmented inertial navigation system (INS), the complete exterior
orientation data are delivered with the imagery. In Figure 2-6, a subimage is shown to
illustrate the high quality of the raw level SI image.

Figure 2-6: A subimage of the raw level nadir-viewing SI image (4.7 cm footprint). The
arrow at the upper corner indicates the flight direction
• INS / GPS Integrated System
The GPS is used to obtain the instant perspective center positions of each scan line image.
This is a well-established system with well-established techniques. The GPS technique used in
the SI system is the “on-the-fly” kinematic technique. This allows the recording of a GPS
position at every GPS epoch. This GPS technique requires a base / master station near the
rover GPS receiver (the GPS receiver mounted on the aircraft), which allows systematic errors
to be eliminated from the GPS observations. The location of the GPS antenna should be on the
top of the aircraft facing the sky and the imaging sensor, however, should be positioned on the
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bottom of the aircraft in order to face the ground. These different positions result in a
displacement vector between the GPS antenna and the perspective center of the camera. This
should be taken into account in the sensor modeling procedure.

Figure 2-7: Forward, nadir and backward viewing SI images showing the constant
relief displacement in along track direction
Within the SI system, an INS has been used to provide the attitude information. The INS
consists of a set of gyroscopes and accelerators fixed in an tri-axial system. The output from a
typical INS system includes angular measurements and the positional measurements. Thus, if
the INS is fixed to a camera, the INS can measure the motion of the camera. By fixing the INS
to the sensor, there will be a misalignment between their respective coordinate axes. Placing
the INS as near as possible to the camera is required to reduce the influence of the
misalignments. In SI system, the INS is integrated with the stabilizer as a single body and the
camera is mounted to this body. The misalignment should be determined during the system
calibration process. The INS used in the SI system usually introduced very little drift errors
during the period of capturing a strip of imagery. This has been proven through several test
flights.
In the integrated unit, the INS records instantaneous change in position and attitude of the SI
imaging system and output these data typical at 500 HZ. The INS is rigidly attached to the
optical system, and the high frequency readout of the INS is used to verify the GPS data and to
provide instantaneous positioning of each line of imagery between GPS recordings. The
sampling frequency of the imagery may be as high as 500 lines per second, while the GPS
frequency may be as little as 5 samples per second so that the INS must be used to determine
the position between GPS samples. In Figure 2-8, the configuration of the INS, GPS and
camera system on a helicopter is shown. The misalignments between the axes of the INS and
camera, the displacement vector between the GPS antenna and the perspective center of the
camera should be determined with a calibration process or a triangulation procedure.
The system is able to perform a self-alignment within 2 minutes and can bridge GPS data gaps
for several minutes. In the GPS augmented mode, position accuracies at the centimeter level
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can be achieved. Roll and pitch angles can be measured with accuracy of about 10″ and
heading with accuracy of about 20″ (Chen et al., 2003).

Figure 2-8: System configuration of the SI system
• Synchronization and Data Storage System
The position and attitude data recorded by the onboard INS / DGPS integrated system must be
synchronized with the image lines. Synchronization is done in SI system by using the GPS
pulse-per-second (PPS) signal and triggering all other time-depending signals to it. Although
the PPS signal is usually very accurately defined, the time delays in and between subsystems
are not and give rise to a certain number of errors. In addition, there may be time tagging
delays due to the priority rating of the computer clock reading errors. Most of these errors can
be corrected in post-mission processing like the triangulation procedure with a number of
ground controls.
Because the SI system produces digital images so it is critical that the images are recorded on
a reliable media at a sustained data rate of 40-50 MB per second. To deal with the problem, a
mass memory system has been developed to store all mission data, such as image, orientation,
and housekeeping data, collected during a survey flight. It is based on a rugged disk array and
meets the extended environment conditions required for airborne applications. The device
allows flight missions with up to several hours’ recording time and supports a sustained data
rate of 40-50 MB per second. After the aircraft lands, the disk pack is removed from the
camera control system and taken to the ground processing system, where it is connected to the
SCSI interface of the computer. Then the data is downloaded onto the ground disk store
system.
To summarize, the main characteristics of the SI system are:
• It can obtain three different viewing direction seamless high-resolution (about 5-10 cm in
airborne situation) images. It is easy to create orthoimages from SI images because the images
are "line-projection" and less distorted in flight direction than conventional aerial images,
which are fully based on perspective projection.
• The raw images of the SI stereo channels can be directly used for stereo measurement and
image matching due to the use of a high quality stabilizer.
• The GPS/INS integrated system can produce relatively accurate estimates for the sensor
position and altitude, so much less ground control points are needed compared to the
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traditional aerial photos. After the precise recovery of the system calibration parameters it
enables the direct georeferencing of SI images.
• Digital images are recorded directly, which enable users to easily process and analyze them
on the real-time basis.
• It can also acquire multi-spectral images.

2.3 Sensor Models for Linear Array Imagery
Sensor models are required to establish the functional relationship between the image space
and the object space, according to the sensor geometry and the system parameters. They are
used extensively in photogrammetric productions, such as in stereo measurement, orthophoto
generation, feature collection and editing, DTM generation and quality checking. Typically
sensor models can be classified into two categories: the rigorous/physical and the generalized
models. The choice of a sensor model depends primarily on the performance and accuracy
required, the cameras / imaging system and control information available (McGlone, 2004).

2.3.1 Rigorous Sensor Models
A rigorous sensor model represents the physical imaging process. The parameters involved
describe the interior orientation parameters, such as focal length, principal point location, pixel
size, lens distortion, and the exterior orientation parameters, such as position and attitude
elements of an imaging sensor with respect to an object-space coordinate system. For
examples, the well-known collinearity equation for traditional frame-based aerial photos is a
rigorous sensor model. A rigorous model can be nearly-optimally adjusted by analytical
triangulation procedure and other adjustment methods. Most rigorous models have the
advantage of high modeling accuracy, often a fraction of a pixel. The optimized adjustment of
a rigorous sensor model is possible because most parameters are statistically uncorrelated or
weakly correlated, since each parameter has physical significance. Some parameters can be
determined once during camera calibration, such as camera focal length and lens distortion
corrections. Other parameters differ for each individual image and thus they could (must) be
approximately measured at the time of image acquisition and usually adjusted by the
triangulation procedure. Such image specific parameters often include the 3D sensor
perspective-center position coordinates and sensor attitude angles at the time of image
collection. Other parameters are also often used to model atmospheric refraction, earth
curvature, film distortion and other factors affecting the image geometry (OGC, 1999).
Unlike the traditional frame-based aerial photos, where all pixels in the image are exposed
simultaneously, each line of the linear array image is collected in a pushbroom fashion at a
different instant of time. Therefore, the perspective geometry is only valid for each line
whereas it is close to a parallel projection in along-track direction, and there is in principle a
different set of (time-dependent) values for the six exterior orientation elements for each line.
The collinearity equation still can be used for each image line. The most important thing is to
develop mathematical models for the flight trajectory in order to recover the time-dependent
position and orientation for each line of the linear array image. Nowadays high precision
orbital position and attitude data are usually provided by the on–board GPS receivers, INS and
star trackers. This additional information allows for modeling the platform trajectory more
precisely and reducing the number of ground control points (even enables direct
georeferencing of the imagery without ground controls).
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Many different (geometric) sensor models for linear array sensors (spaceborne or airborne) of
varying complexity and accuracy have been developed. In the following some examples,
where the first four are more suitable for spaceborne sensors and the others are suitable for
airborne sensors, are listed:
Gugan and Dowman (1988) suggested an orbital parameter model for spaceborne sensors. The
collinear equations are expanded by two orbital parameters to model the satellite movement
along the path and the earth’s rotation: the linear angular changes with time of the true
anomaly and the right ascension of the ascending node. The attitude variations are modeled by
drift rates.
Fritsch and Stallmann (2000) dealt with investigations on the geometric reconstruction and
sensor calibration of satellite–based optical imaging systems using linear arrays in pushbroom
mode, like SPOT, IRS–1C and MOMS–2P/PRIRODA. The geometric model of the sensor is
based on an extension of a SPOT model developed by V. Kratky (1989a). This geometric
solution combines the principle of rigorous photogrammetric bundle formulation with
additional constraints derived from known relations assuming an elliptic orbit. The attitude
parameters are modeled by a simple polynomial model being linear or quadratic. Ephemeris
data (orbital position and attitude data) are not necessary but optional. The parameters of the
interior orientation, e.g. focal length and principal point coordinates, are determined by self–
calibration.
The program system BLUH/BLASPO, developed by the IPI Institute in Hanover based on full
perspective, was used for the adjustment of satellite line scanner images (Jacobsen, 1994).
Usually this program just needs the general information about the satellite orbit, together with
the view directions along-track and across-track. Systematic effects caused by low frequency
motions are handled by self-calibration with additional parameters. In this model the
unknown parameters for each image are 14, that is, 6 exterior orientation parameters for the
uniform motion and 8 additional parameters for the difference between the approximate
uniform movement and the reality. This program has been successfully used for the
orientation of MOMS-2P (Büyüksalih and Jacobsen, 2000), IRS-1C (Jacobsen et al., 1998),
IKONOS and Quickbird (Jacobsen, 2003a) and SPOT-5/HRS (Jacobsen, 2003b).
The piecewise polynomial model has been often used to model the platform trajectories in
time-dependent imaging applications (McGlone and Mikhail, 1981; Bang and Cho, 2001; Poli,
2002, 2004; McGlone, 2004). This model involves the recovery of polynomial coefficients for
each of the six elements of exterior orientation. A different set of coefficients is recovered for
each segment of an image that has been divided into sections. Constraints on the parameters,
such as continuity, are imposed at the section boundaries. This kind of model is usually
sufficient for the modeling of spaceborne pushbroom scanners that are in a stable orbit.
However, this method may be too rigid for the modeling of an aircraft flight path, but with
some modifications and the support of on-board measured GPS/IMU data, it can also be used
for airborne cases (Gruen and Zhang, 2002; Poli, 2002, 2004).
The principle of “orientation images” was proposed in Kornus et al. (1999) for the geometric
in-flight calibration of MOMS–2P imagery. This method is based on extended collinear
equations (Ebner et al., 1992). The exterior orientation parameters are determined in the socalled orientation images. Between the orientation images, the parameters of an arbitrary scan
line are interpolated using Lagrangre polynomials. To model the interior orientation for each
CCD array, five parameters are introduced. All unknown parameters are estimated in a bundle
block adjustment using threefold stereo imagery. For the determination of the unknown
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parameters a large number of tie points is required which are automatically measured. The
method has been successfully used for other sensors like MEOSS (Ohlhof, 1995; Heipke et al.,
1996a), HRSC and WAOSS (Ohlhof et al., 1994).
Cramer et al. (1999) proposed a combined method for georeferencing and calibration of the
airborne high-resolution three-line camera systems. According to the test results from different
airborne test flights, they concluded that compared to the stand-alone GPS/INS integration the
combination with image observations increases the reliability of the whole sensor system,
where the remaining systematic effects can be modeled using additional parameters similar to
self-calibration and the photogrammetric constraints are used to eliminate the systematic INS
errors significantly.
In the Gauss-Markov approach (Lee et al., 2000; Lee and Bethel, 2004), six parameters per
line are carried to model the instantaneous exterior orientation for each pushbroom line.
Parameters for each image line are tied, or constrained stochastically to those of the previous
image line via a first order Gauss-Markov process. With the on-board measured GPS/IMU
data, this model is well suitable for airborne applications and it allows for greater flexibility
for linear feature constraints to contribute to parameter recovery thereby improving
rectification accuracy.
In the following we will give a description of our own sensor model for the SI system. This
model was developed to improve the time-dependent orientation elements of the SI trajectory
by photogrammetric triangulation. It is based on the collinearity equations and uses different
forms of trajectory models as options. It will be further used for the deviation and integration
of geometric constraints into our automated DSM generation approach. With some
modifications it can also be used for spaceborne systems.
Each scan line of the SI image is collected in a pushbroom fashion at a different instant of
time. Hence, at any given instant of time, we can imagine the CCD line sensors to be
positioned perpendicular to its flight trajectory at the instantaneous perspective center (Figure
2-9). At this instant of time, several lines of 10,200/14,440 pixels each are acquired. With the
movement of the aircraft, SI image strips are constructed. In the SI imagery, the pixel
coordinates of one certain point are given by its digital image column v and the scan line
number u. We define the image coordinate system (x, y) as having its origin in the principle
point of the focal plane and its x-axis perpendicular to the nadir CCD line. It can be seen that
the image coordinates (x, y) of an image point are only related to the pixel coordinate v and the
interior orientation parameters. After the interior orientation parameters of the SI camera have
been estimated in the laboratory by a collimator device, the image coordinates (x, y) of a point
are computed by the following equations, with respect to its pixel coordinate v (including a
correction for radial distortion ∆r):

(2.1)

Where, (x0, y0) are the image coordinates of the center of the CCD arrays; α is the inclination
angle for the forward and backward CCD arrays to the image y axis; a1, a3 and a5 are radial
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symmetric lens distortion correction coefficients; Midv is the number of the CCD central pixel
and ps is the pixel size (see Figure 2-9).

Figure 2-9: SI CCD line sensor coordinate system definition and interior
orientation parameters.
C: Center point of CCD linear array
H: Principle point
α: Inclination of CCD array to y-axis
For any line of the spaceborne linear array images, the look direction vectors/angles are
defined for some pixels of particular columns v or for all pixels, and provided in auxiliary
metadata files. For sensors whose optical systems consist of more than one lenses, additional
geometric parameters, describing the relative position and attitude of each lens with respect to
the nadir one, are usually measured by system calibration procedures. Thus the image
coordinates of a pixel can be computed by using these look direction vectors/angles and
additional geometric parameters.
To relate the image coordinates (x, y) to the object coordinates (X, Y, Z) of a terrain point at
any given instant of time, the following collinearity equations are used:
(2.2)
Here c is the calibrated camera constant; X0, Y0, Z0, ω, ϕ and κ are the exterior orientation
parameters belonging to the Nth scan cycle. Assuming a constant scanning frequency fs, the
orientation parameters are functions of the pixel coordinate u.
(2.3)
These orientation parameters can be measured by the onboard GPS/INS system directly, or
estimated by means of a photogrammetric triangulation procedure with some well-distributed
control points. The directly measured position and attitude elements (XGPS, YGPS, ZGPS, ωINS,
ϕINS, κINS) from the GPS/INS system usually do not refer to the perspective center of the
imaging camera. The GPS antenna and the center of the INS unit are displaced from the
camera, resulting in translational and rotational offsets (Figure 2-8). Additionally, there is a
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boresight misalignment between the axes of the INS and the camera. These translational and
rotational displacements should be corrected in order to obtain correct exterior orientation
parameters for the instantaneous perspective center:

(2.4)

Where (∆X, ∆Y, ∆Z) are translational displacement corrections between the GPS receiver and
the SI camera; (∆ωINS, ∆ϕINS, ∆κINS) are INS errors, including the boresight misalignment
angles between the axes of the INS and the camera.
The translational displacement vector, between the GPS receiver and camera, can be
determined using conventional terrestrial surveying methods after the installation of the SI
system in the aircraft. In the SI system, the stabilizer keeps the camera pointing vertically to
the ground in order to get high quality raw images, so the achieved attitude data from INS
refers to the INS/camera body and not to the aircraft. For correction of this kind of
displacement, the aircraft attitude data should be recorded and used. In case of the SI system
this is done by mounting three GPS antennas on the aircraft, and deriving the attitude values
from their coordinate recordings. We can measure the GPS-INS displacement when the system
is in its initial status, then use the recorded aircraft attitude data to calculate the instant GPSINS displacement at the same frequency as the aircraft attitude data. Using the same method,
the INS-camera displacement vector can also be obtained. For the total GPS-camera
displacement vector we obtain:
(2.5)
Where (TX, TY, TZ)T is the translational displacement vector between the GPS receiver and the
INS; s is the vertical displacement between the INS and SI camera. Since it is only about 20.3
cm in length its rotation can be neglected. Ω(t), Φ(t), Κ(t) are the instantaneous attitude values
for the aircraft and R(Ω(t), Φ(t), Κ(t)) is the rotation matrix computed from them. Due to the
low accuracy of the aircraft attitude data (RMS of the directional values is 0.3°), there should
be some residual errors left in the position data for the perspective center of the camera.
Assuming the maximum component of GPS-INS displacement vector is 2.0 meters, the error
caused by the directional error of the aircraft attitude data could be 1.1 cm (2.0 × 0.3 × π /
180.0). This fact should be considered in the sensor modeling.
The rotational offsets, i.e. the boresight misalignment between the INS sensor axes and the
camera coordinate system cannot be observed via conventional surveying methods. The
attitude errors of the INS system mainly consist of the constant offset (ω0, ϕ0, κ0) due to the
incorrect initial alignment and the drift errors (ω1, ϕ1, κ1). These errors have to be determined
or corrected to obtain correct attitude data (ω, ϕ, κ).
(2.6)
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By combining the equations from (2.1) to (2.6), the sensor model can be written as:

(2.7)

This expresses the relationship between the pixel coordinates (u, v) and the object coordinates
(X, Y, Z).
Equations (2.7) are the basic equations in the triangulation approach, which are appended by a
trajectory model. The strength of the triangulation process with SI imagery data lies in the fact
that at any instant of time there is only one set of orientations of the aircraft, yet there are three
lines of data acquired. Measurements can be made in all three images, enabling each tie point
to be located in three images and a good degree of redundancy to be achieved.
So far we have experimented with 3 different types of trajectory models: (a) Direct
georeferencing with stochastic exterior orientations (DGR), (b) Piecewise Polynomials with
kinematic model up to second order and stochastic first and second order constraints (PPM)
and (c) Lagrange Polynomials with variable orientation fixes (LIM). The detailed formulation
of our trajectory models is given in the following.
• Direct Georeferencing Model (DGR)
Under the condition that the attitude data of the aircraft was recorded successfully, the
translational displacement vector can be calculated and corrections can be made for the
positional data (equations (2.4) and (2.5)). Considering the errors of the aircraft attitude
elements and the GPS errors, the positional data for the whole trajectory can be modeled as:
(2.8)
Where (Xoff, Yoff, Zoff) are one set of unknown offset parameters to be estimated for the whole
strip. Similarly, the INS error terms (∆ω, ∆ϕ, ∆κ) can be modeled by equations (2.6) for the
whole trajectory.
This trajectory model allows the determination of 9 systematic error components, which are
the remaining errors after the GPS-camera displacement vector and the INS error terms
correction. The INS shift and drift terms and the ground coordinates are treated as stochastic
variables. The triangulation procedure based on this trajectory model can thus be used for the
SI system calibration and direct georeferencing as well.
• Piecewise Polynomials Model (PPM)
The piecewise polynomial model has been often used to model the platform trajectory with
respect to time (McGlone and Mikhail, 1981; Bang and Cho, 2001; Poli, 2002, 2004;
McGlone, 2004). In this model, the values of the exterior orientation parameters are written as
polynomial functions of time. The bundle adjustment solution determines the polynomial
coefficients instead of the exterior orientation parameters themselves. Due to the instability of
the high-order polynomial models, the piecewise polynomial model is used, in which the full
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complex trajectory is divided into sections, with each section having its own set of low-order
polynomials. Continuity constraints on the orientation parameters at the section boundaries
ensure that the calculated positions and attitudes are continuous across the boundaries.
The piecewise polynomial model is used to model the translational displacement correction
terms (∆X, ∆Y, ∆Z). The model is described as:

(2.9)
The INS errors are a function of time and most of the time-dependent errors follow a
systematic pattern, so the INS error terms (∆ω, ∆ϕ, ∆κ) are modeled by equations (2.6) for the
whole trajectory.
The total number of unknown parameters in this piecewise polynomial model with ns
segments is 9 × ns + 6, i.e.

There are two kinds of constraints that are applied to each parameter at the section boundaries.
The zero order continuity constraints ensure that the value of the function computed from the
polynomial in every two neighboring sections is equal at their boundaries, i.e.

(2.10)

The first order continuity constraint requires that the slope, or first order derivative, of the
functions in two adjacent sections is forced to have the same value at their boundary, i.e.

(2.11)

All these constraints are treated as soft (weighted) constraints. The bundle adjustment solution
determines the polynomial coefficients instead of the exterior orientation parameters
themselves.
• Lagrange Interpolation Model (LIM)
Ebner et al. (1992) developed the principle of orientation images or orientation fixes for the
geometric in-flight calibration of MOMS-02 imagery. This method is based on collinearity
equations and the exterior orientation parameters are determined in the so-called orientation
fixes, which are introduced at certain time intervals. Between the orientation fixes, the exterior
orientation parameters of an arbitrary scan line are interpolated using Lagrange polynomials.
All unknown orientation parameters for these orientation fixes are estimated in a least squares
adjustment procedure, and the parameters for each individual scan line are interpolated with its
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neighboring orientation fixes. The general form of the n-th order Lagrange polynomial is
given as:
(2.12)
Where Pn(t) at time t is interpolated from the values P(ti) at the n+1 neighboring orientation
fixes with time ti; Pn(t) is any of the six exterior orientation parameters for a scan line at time t.
The interpolation function of order three has attracted most attention (Fraser & Shao, 1996). In
our experiments, we modified and adopted this method according to our sensor model with the
provision of auxiliary position/attitude data generated by the GPS/INS system. In our case
third-order Lagrange polynomials are used to model the aircraft attitude values (Ω, Φ, Κ)
instead of the translational displacement correction terms (∆X, ∆Y, ∆Z) because the former are
observations from the system and are related to the translational terms by equations (2.5).
Linear Lagrange polynomials are used to model the INS errors (∆ω, ∆ϕ, ∆κ) because of their
locally linear systematic pattern.
If we have f orientation fixes and p tie/control points, there are 6×f+3×p+6 unknowns to be
estimated in bundle adjustment. The selection of the number of orientation fixes depends on
many factors. The software package ORIMA of LH Systems for their three-line scanner
ADS40 triangulation procedure argues that the interval between two neighboring orientation
fixes must be shorter than the ground distance corresponding to the "short base" (the distance
between the nadir and backward image lines) of the ADS40. For the SI system, this
corresponds to 3000-3600 scan lines. From our experiences, the orientation fixes interval of
2000 scan-lines (4 seconds flight time) is appropriate to model the SI trajectory. The accuracy
does not improve anymore by using a smaller interval below 1500 scan lines.
In case of spaceborne sensors, the trajectory is usually quite smooth and predictable. The
correlation between the orientation parameters is high. Therefore the PPM and LIM trajectory
model can be used. The physical properties of the satellite orbit can also be included as
constraints.
We have tested our sensor model with a test field in the GSI (Geographical Survey Institute)
area of Japan. With different numbers and distributions of control points and tie points, 4.96.3 cm and 8.6-9.4 cm absolute accuracy in planimetry and height has been achieved using
the DGR model under the condition that the GPS/camera displacement corrections have been
applied. Moreover, with different numbers of spline sections or orientation fixes, 2.6-6.0 cm
and 4.9-11.7 cm absolute accuracy in planimetry and height was attained using the PPM and
LIM models. These results showed that a ground point determination of 0.5-1.2 pixel
accuracy in planimetry and 0.7-2.1 pixel accuracy in height has been achieved using
signalized points. The orientation parameter determination using the DGR model has the
advantage of stability and needs less control points, but the obtained accuracy is better with
the PPM and LIM models. This however is penalized by the need to have more welldistributed control and tie points, see Gruen and Zhang (2002, 2003), Kocaman (2005) for
details.

2.3.2 Generalized Sensor Models
Although rigorous physical sensor models are more accurate, the development of generalized
sensor models independent of sensor platforms and sensor types becomes attractive. This is
mainly due to the following disadvantages of the rigorous sensor models (OGC, 1999):
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(1) Rigorous sensor models are usually mathematically complex. They require complex
software with longer computational times. In addition, the development of such software
requires considerable knowledge of both mathematics and image sensor physics.
(2) The software must be changed for each different and new-coming image sensor, since the
model includes effects particular to a small range of sensors, and excludes effects not
applicable to those few sensors.
In a generalized sensor model, the transformation between the image and the object space is
represented with some general functions, without modeling the physical imaging process. The
function can be of several different forms, such as polynomials or rational functions.
According to OGC (OpenGIS document, 1999), there are mainly 4 generalized sensor models
used in photogrammetry and remote sensing applications: The polynomial model, the grid
interpolation model, the ratios of polynomials model and the universal real-time image
geometry model. The key to the use of a generalized sensor model is that these kinds of
models must fit the rigorous model very well. In the following, we will just describe the most
commonly used Rational Function Models (RFMs).
RFMs have recently drawn considerable interest in the remote sensing community, especially
in light of the trend that some commercial high-resolution satellite imaging system, such as
IKONOS, are supplied with only rational polynomials coefficients (RPCs) instead of rigorous
sensor model parameters. A RFM is generally the ratio of two polynomials derived from the
rigorous sensor model and the corresponding terrain information, which does not reveal the
sensor parameters. Madani (1999) pointed out the advantages and disadvantages of RFM with
rigorous sensor models by testing the accuracy of the RFM solution using 12 SPOT Level 1A
image scenes of the Winchester area in Virginia. He concluded that the RFM expresses the
SPOT scenes very well and that properly selected RFMs can be used in operations of digital
photogrammetric systems. Tao and Hu (2001) gave a least squares solution for RFM
parameter computation and assessed the fitting accuracy using a SPOT scene and an aerial
image. In their comprehensive investigation, various scenarios with different polynomial
orders and different forms of the denominators were tested and compared. It was found that
RFMs are sensitive to the distribution of the ground control points. Yang (2000) assessed the
RFM fitting accuracy by performing an experiment using a pair of SPOT images and a pair of
aerial photos. The FRM fitting result indicates that the third-order RFM, even the secondorder RFM, with various denominators achieved RMS error of less than 0.2 pixels when
approximating the rigorous SPOT sensor model. He also pointed out that the first-order RFM
were appropriate for the aerial photos. All these experimental results mentioned above
indicate that the RFMs can be used to replace the rigorous sensor models for linear array
sensors and aerial photos.
In RFM, image pixel coordinates (px, py) are expressed as the ratios of polynomials of object
coordinates (X, Y, Z), which in the case of the IKONOS RPCs correspond to latitude,
longitude and height. In order to improve the numerical stability of the operations, the two
image and three object coordinates are each offset and scaled to fit the range from -1.0 to 1.0.
For an image, the ratios of polynomials have the following form:
(2.13)
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Where (pxn, pyn) are normalised pixel coordinates and (Xn,Yn,Zn) are normalised object
coordinates. To compute the normalized coordinates, the following equations are used:
(2.14)

Where, px0, py0 and pxs, pys denote offset and scale values for the two image coordinates
respectively, and similarly X0,Y0, Z0 and Xs, Ys, Zs denote offset and scale values for the object
coordinates. In the RFM, the maximum power of each object coordinate and the total power
of all object coordinates are limited to three. According to the SpaceImaging IKONOS
definition of coefficient sequence, each polynomial has the following form (for convenience,
the subscripts are omitted), which leads to totally 80 RPCs per IKONOS image. Actually, in
the IKONOS RPCs, the two polynomials used in the denominator are identical, while the first
coefficient of the denominator is 1.0, to avoid the case where the denominator becomes close
to zero, leading thus to practically 59 parameters:
(2.15)

Figure 2-10: RFM Fitting.
RFMs can be fitted to a grid of points with ground space coordinates generated from the
image space coordinates, for a set of different elevation levels, using the rigorous sensor
model (courtesy Grodecki and Dial (2003))
Usually, the RFM can also be computed based on a rigorous sensor model. With the given
parameters of the rigorous model (a priori orientation data without the usage of ground control
points or precise data after the bundle adjustment procedure) and by projecting evenly
distributed image points into the object space, multiple-layer 3D object points can be
computed and used as virtual control points. Such control points are created based on the full
extent of the image and the range of elevation variation in the object space. The entire range of
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elevation variation is sliced into several layers. Then, the RPCs are calculated by a least
squares adjustment with these virtual control points. Tao and Hu (2001) gave a detailed
description of a least squares solution of RPCs and suggested using a Tikhonov regularization
for tackling possible oscillations. A better approach would be the statistical analysis of the
estimated parameters with the goal to exclude those which are not safely determinable. In Poli,
et al. (2004), we also showed the results of RPC estimation for SPOT5 HRS dataset by using
the camera parameters, ephemeris and attitude data attached to HRS images. Of course, if a
sufficient number of ground control points is available, the RPCs can be solved for with the
ground controls directly without knowing the rigorous model, but as mentioned by Tao and
Hu (2001), this method is not recommended.
If the FRMs are computed from the a priori orientation parameters, we need to improve the
geo-positioning accuracy of the RFM with a certain number of ground control points.
Grodecki and Dial (2003) proposed a method to block adjust the high-resolution satellite
imagery described by RPC camera models and illustrate the method with an IKONOS
example. This so-called RPC block adjustment method is directly related to geometric
properties of the physical camera model and it is numerically more stable than traditional
adjustment of exterior and interior orientation parameters. This adjustment method is generally
applicable to any photogrammetric camera with a narrow field of view, calibrated, stable
interior orientation, and accurate a priori exterior orientation data. These conditions make the
method suitable for most of the high-resolution satellite imagery data.
The proposed RPC block adjustment method is defined in image space. It uses denormalized
RPC models, px and py, to express the object-space to image-space relationship, and the
adjustable functions, ∆px and ∆py, which are added to the rational functions to capture the
discrepancies between the nominal and the measured image-space coordinates. For each image
point i on image j, the mathematical model is thus defined as follows:
(2.16)
Where, pxij and pyij are measured pixel coordinates of the ith image point on image j,
corresponding to the kth ground control or tie point with object coordinates (Xk, Yk, Zk); ∆pxj
and ∆pyj are the adjustable functions expressing the differences between the measured and the
nominal pixel coordinates of ground control and/or tie points, for image j; εpxi and εpyi are
random unobservable errors; pxj and pyj are the given pixel coordinates computed from the
denormalized RPC models for image j, as follows:
(2.17)

A polynomial model defined in the domain of image coordinates is used to represent the
adjustable functions ∆pxj and ∆pyj, which can be expressed as the following equations, in case
of IKONOS imagery, for example:
(2.18)
Where, a0, a1, a2 and b0, b1, b2 are the affine parameters for each image. The blockadjustment
model expressed in equation (2.18) is justified for any photogrammetric camera with a very
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narrow field of view. Using this adjustment model, we expect that parameter b0 is used to
absorb all along-track errors causing offsets in the line direction, while parameter a0 absorbs
cross-track errors causing offsets in the image sample direction. Due to the fact that usually
the y direction is equivalent to time, parameters b1 and a2 absorb the shear effects caused by
gyro drift during the image scan. In addition, the parameters a1 and b2 are used to absorb parts
of the radial ephemeris error, and interior orientation errors such as focal length and a part of
lens distortion errors.
This adjustment model can also be defined in object space. For details, please refer to
Grodecki and Dial (2003). Similar adjustment methods for the RPC camera model and its
applications in IKONOS, QUICKBIRD and SPOT5 imagery data can be found in (Fraser and
Hanley, 2003; Di et al., 2003; Baltsavias, et al., 2001; Hanley and Fraser, 2004; Poli and
Zhang, 2004).
For satellite sensors with a narrow field of view like IKONOS, even simpler sensor models
can be used. We developed the 3D affine model and the relief-corrected 2D affine
transformation. They are discussed in detail in Baltsavias et al., (2001) and Fraser et al.,
(2002). Their validity and performance is expected to deteriorate with increasing area / field
of view size and rotation of the satellite during imaging (which introduces non-linearities),
and with increasing height range and lack in good GCP distribution. These models are
geometrically and numerically more stable than the complex physical models (EI-Manadidi,
and Novak, 1996; Fraser and Yamakawa, 2003; Yamakawa and Fraser, 2004; Fraser et al.,
2002).
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Chapter 3: Data Constraints and General Strategy for Matching
In this chapter the matching considerations and general strategy for automated DEM / DSM
generation from linear array imagery will be presented, which was also briefly described in
(Gruen and Zhang, 2002). Since the direct matching results from optical images represent not
only the terrain surface, but also the elevations of the top (reflective) surface of buildings,
trees, towers and other features elevated above the bare earth. Therefore, to simplify the
terminology, we will use the term DSM in the remainder of this thesis.
The goal of this dissertation is to develop a uniform and robust image-matching algorithm and
software system for extracting DSMs from linear array images. In order to increase the
precision and reliability of the extracted DSMs, even those from the very large scale SI
images of suburban and urban areas, the system integrates different match primitives, uses all
available and explicit knowledge concerning the image geometry and radiometry information,
and works based on an appropriate matching strategy. The algorithms and the whole system
are flexibly designed for further extension to other image sources, such as the traditional
aerial photos, and have the possibility to integrate data sources such as existing DSMs. In the
following, the characteristics and the constraints of the input data sources, with respect to the
image matching problems will firstly be evaluated. Then based on a review of the existing
image matching techniques, the matching considerations, the general matching strategy and
the main components of our approach will be outlined.

3.1 Input Data Description
Linear array images as well as their orientation elements are the input for our automated DSM
generation approach. In this section, the characteristics of the image data, including the very
high resolution airborne SI images (3-10 cm footprint) will be described and summarized.
The SI image data, together with the initial orientation data, directly measured by an onboard
GPS/IMU system, is from STARLABO Corporation, Tokyo. A SI image strip normally
consists of 9 mono-spectral images, which are produced by the forward, nadir and backward
viewing CCD focal plane arrays. For more information about the SI system and its image
specifications, please refer to the previous chapter. High resolution spaceborne linear array
images, acquired in both along- and cross-track stereo mode, can also be the input datasets.
Unlike the traditional frame-based photography, the geometry of the linear array image data is
characterized by nearly parallel projection in along-track direction and perspective projection
in cross-track direction. Our rigorous sensor model is based on the collinearity equations
appended by different forms of trajectory models (See Chapter 2). The precise image
orientation parameters are computed by a modified photogrammetric bundle adjustment, with
our in-house developed software system. Additionally, the generalized sensor models, such as
the rational polynomial model, are also implemented for high-resolution satellite images.
Thus, the image orientation parameters can be the interior and exterior orientation parameters
of the rigorous sensor model or just coefficients of the generalized sensor model. With the aid
of a certain number of ground control points (GCPs), the given or directly measured
orientation parameters can be refined and attached to a user defined object coordinate system.
These orientation parameters are further used to derive the geometric constraints for image
matching.
An analysis of the image data shows the following advantages for developing an image
matching approach:
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• With the SI system, raw-level 16 bits/pixel images (effectively 12 bits/pixel) are
provided with the aid of a high-quality stabilizer. The stabilizer absorbs the highfrequency vibrations of the carrier and keeps the camera pointing vertically to the
ground during the flight missions. Spaceborne linear array imaging systems, such as
IKONOS and QuickBird satellites, also provide along-track stereo or triplet images in
12 bits/pixel. The higher dynamic range results in a major improvement for stereo
matching by reducing the number of mismatches in poorly textured areas and especially
in dark shadows. Using multi-spectral and color images will reduce the matching
ambiguities.
• Linear array imaging systems normally deliver multiple images with multiple
channels, they enable the multi-image matching approach, which leads to a reduction of
problems caused by occlusions, multiple solutions and surface discontinuities. In
addition, higher measurement accuracy can be achieved through the intersection of
more than two imaging rays. Nearly parallel projection in along-track direction results
in less occlusion at least on the nadir-viewing images.
• The onboard position and attitude determination systems, such as GPS and IMU,
allow the collected images to be georeferenced. With the known interior and exterior
orientation parameters (especially after the triangulation procedure), the epipolar
geometric constraints can be derived. These constraints have been proven to be very
effective in reducing matching ambiguities by restricting the search space along
epipolar lines or curves.
However, the following facts, especially with respect to the airborne SI imagery, bring also
big challenges for the design of an efficient and reliable matching approach:
• The huge size of the image data must be considered during the design of a practical
image matching system. For instance, a standard SI image strip, with 5 cm resolution
and 210,000 scan-lines, results in about 12.6 GB data only for three mono-spectral
images. Therefore, the design of a practical system, with which precise and reliable
results can be achieved within a reasonable computational time, has to make a
compromise between the algorithmic complexity and efficiency.
• The SI system is generally designed for large-scale image acquisition, the image
resolution is 3-10 cm in most cases. These images potentially can be used to generate
high resolution and high quality DSMs. However, the content of these high-resolution
images is quite different compared to those in low-resolution images. They capture a
very detailed information of the terrain and make the automatic image matching more
difficult. In addition, the matching approach has to be designed for image data with
resolutions from several centimeters to several meters.
• SI images suffer from image blur problems. This is perhaps due to the stability
incompleteness caused by tremor around the optical axis and the deficiency of the lens
system. The problem is more serious on the forward and backward viewing images than
on the nadir viewing image (Figure 3-1). The small aperture of the lens system used by
the SI system (SI-100, SI-200/SI250) also contributes with dark areas and low image
quality on the border of the images (Figure 3-2a). Moreover, the number of gray values
of the original digital images has a substantial frequency in low values. The peak of the
histogram is typically towards the darker values with the right part of the histogram
decreasing smoothly and slowly towards the higher grey values (Figure 3-2b).
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Therefore, for the further processing, the original image data has to be enhanced in
terms of reducing the image noise and sharpening the edges.

Forward Image

Nadir Image

Backward Image

Figure 3-1: Subimages showing the image blur caused by stability problems and
deficiency of the lens system (SI-100). The problem is more serious on the forward
and backward viewing images than on the nadir viewing image. The arrow at the
upper corner indicates the flight direction

a

b
Figure 3-2: An example of the SI-100 nadir-viewing image (a: shows the dark
areas on the image border) and its histogram (b). The arrow at the upper corner
indicates the flight direction
In Figure 3-3, several subimages, extracted from a 4.5 cm resolution SI image strip, are
shown in order to outline the difficult cases for automatic image matching. From this Figure
we observe:
• In open areas with good enough texture information, the image matching procedure
generally turns out to be an easy task. However, care should be taken for those areas
containing repetitive texture patterns (a and g), homogeneous textures (a), or some
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small manmade objects and isolated trees (b and h), because they may confuse or
disturb the matcher.
• In forest areas (f), most of the matching algorithms fail to generate a complete DSM
due to repetitive and similar texture patterns.

(a)

(b)

(c)

(d)

(e)

(f)

(h)
(g)
Figure 3-3: Examples of difficult cases for automatic image matching. See text for
descriptions.
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• Compared to open areas, more manmade objects and trees appear in suburban areas.
There we may have many complicated roof structures (h), large homogenous texture
areas (a) and other small structures caused by human activities. In these areas, the
extracted edges and regions are getting more broken and this makes the edge matching
more difficult. Radiometric artifacts like specular reflections could appear on roofs
(h).
• Urban areas bring the biggest challenge to image matching. In these areas, the
density of the manmade objects increases dramatically compared to other landcovers.
Manmade objects, such as buildings, result in distinct surface discontinuities, large
homogeneous regions and occlusions (c, d and e). Furthermore, there is typically a lot
of small and complicated infrastructures surrounding the buildings and on their roofs,
such as vehicles, pipes, vegetation, roof vents, air conditional units and other small
facilities (d and e). Buildings often occlude each other, especially in the forward and
backward viewing images (e). The shadows falling across building faces break up
extracted features such as edges and regions. Nearby buildings can vary greatly in size
and shape (c). Detailed structures such as road marks, zebra crossings and other traffic
signs, and moving objects such as cars on the roads (b) may disturb the matching
procedure.
Keeping in mind the characteristics and difficulties arising from the linear array images,
especially images with very high resolution and over suburban and urban areas, we firstly
review the image matching techniques, and in particular those that can be employed for
automatic DSM generation. Then, based on this, we will outline our general matching
strategy.

3.2 Overview of Image Matching Methods
The term image matching means automatical correspondence establishment, between
primitives extracted from two or more (digital) images depicting at least partly the same
physical objects in space. Thus the 3D information of the objects can be computed. In
photogrammetry and remote sensing, image matching techniques have been employed for
automatic relative and absolute orientation (Tang and Heipke, 1996; Heipke, 1997; Morgado
and Dowman, 1997), point transfer in aerial triangulation (Tang et al., 1997; Schenk, 1997),
image registration and automatic DSM generation. It is also a core step for 2D or 3D object
localization and tracking, and very often a prerequisite for object detection, classification and
identification. To try to give an extensive overview about the image matching techniques is a
difficult task by itself. In this section, we just give a brief overview of the image matching
techniques, in terms of type of matching primitives, the employed constraints and the
matching strategies. We will put more emphases on those algorithms and techniques that can
be employed for object surface reconstruction rather than attempting to cover completely the
bibliography. For detailed overviews please refer to Heipke (1996), Ackermann (1996), Julien
(1999), Krzystek (1991) and corresponding chapters in Baltsavias (1991) in photogrammetry
and, Barnard and Fischler (1982), Dhond and Aggarwal (1989), Jones (1997), Kostkova
(2002) and Brown et al. (2003) in computer vision. The reader who wants to know more
details on image matching techniques is referred to the proceeding of the Congresses,
Symposia and Workshops of ISPRS (in particular the Technical Commission III) in
photogrammetry, the proceedings of conferences on computer vision, image processing,
pattern recognition and artificial intelligence and the IEEE journals related to these topics.

- 35 -

3. Data Constraints and General Strategy for Matching
Image matching itself is a very difficult problem. Although research for more than four
decades has been devoted to this problem, today some important limiting factors still remain.
A fully automatic, precise and reliable image matching method, to adapt to different images
and scene contents, does not exist yet. The limitations arise mainly from an insufficient
understanding and modeling of the underlying processes (human stereo vision) and the lack of
appropriate theoretical measures for self-tuning and quality control. Using image matching
we try to reconstruct the 3D information from 2D images. During the image acquisition, the
3D world is projected onto the images and this projection causes information lost (this is most
evident in the case of occlusions). Thus, image matching belongs to the class of inverse
problems, which are well known to be ill-posed (Terzopoulos, 1986). A problem is ill-posed,
if no guarantee can be given that a solution exists, is unique, and is stable with respect to
small variations in the input data. Image matching is ill-posed, because for a given point in
one image, its correspondences on other image may not exist due to occlusion, because there
may be more than one possible match due to repetitive texture patterns or a semi-transparent
object surface, and because the solution may be unstable with respect to image noise or poor
textures. To find the solution of an ill-posed problem one usually has to cope with an
optimization function exhibiting many local extrema, and thus a small pull-in range.
Therefore, stringent requirements may exist for initial values for unknown parameters to be
determined. Moreover, the search space for these parameters must be constrained and
reduced. It should be noted that unlike the more general cases processed in computer vision,
the viewpoints of the stereoscopic images are not arbitrarily positioned and normally the
orientation parameters of these images are known precisely. The following assumptions,
which usually hold true when dealing with photogrammetric and remote sensing imagery, can
be introduced to convert the ill-posed image matching problem to well-posed problems
(Heipke, 1996):
• The various images have been acquired using one and the same or at least similar
spectral bands, so that the image intensities of a physical object exhibit similar values.
• The illumination together with possible atmospheric effects is constant through the time
interval for image acquisition. This assumption might not be correct in the cases of crosstrack stereoscopic satellite images.
• The scene projected in the images is rigid.
• The object surface is piecewise smooth and opaque
• The object surface exhibits a more or less diffuse reflection function.
• Initial values such as the range of the terrain height are possibly known.
In different applications, some assumptions of the list above are violated and, different
combination of these assumptions can be introduced. It is the mixture of necessary
assumptions and how to deal with deviations from these assumptions which make the design
of a good image matching algorithm difficult and has lead to the development of different
algorithms in the past.
Basically, to design an image matching algorithm has to take the following questions into
account: (a) which kinds of primitives are selected for matching; (b) which kind of constraint
is used to restrict the search space; (c) how to implement and combine the constraints through
optimization procedures; (d) which strategy is employed in order to control the matching
algorithms. Different answers for these questions lead to different classes of the image
matching algorithms and approaches.
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3.2.1 Matching Primitives
In order to compute the correspondences among different images, the essential step is to define
the primitives to be matched. On these primitives the matching similarity measure is computed
and evaluated. Having computed the similarity measures, the matching problem is solved and
consequently, the disparity map and object surface can be reconstructed. Ideally, we would
like to find the correspondences of every individual pixel in an image. However, it is obvious
that the information content in the intensity value itself is too low for unambiguous matching.
In practice, therefore, coherent collections of pixels or features are matched. Normally two
main classes of matching primitives can be differentiated: features and image intensity
patterns. The features are typical the easily distinguishable primitives in the input images and
the matching can be performed only on these features. The methods using features belong to a
group called feature-based matching (FBM). On the other hand, the methods processing
image intensity patterns perform matching over a squared or rectangular window of pixels and
usually establish correspondences in (all) pixels. They belong to a group called area-based
matching (ABM).
• Area-Based Matching (ABM)
ABM is usually based on local image windows. ABM is justified by the continuity
assumption, which asserts that at the level of resolution, at which image matching is feasible,
most of the image depicts portions of a continuous surface; therefore, adjacent pixels in an
image window will generally represent contiguous points in object space. Examples of ABM
are the cross-correlation method, and the least squares matching. In these methods, a small
window, composed of gray values, serves as matching primitive. The window center, possibly
weighted with respect to the gray value gradient can be used for the definition of the location
of a point to be matched.
Cross-correlation is an algorithm for computing correspondences based on the similarity of
gray levels within an image window. The image window is also referred to as correlation
window or image patch. A point is given in the reference image, and its matches are searched
for in the search image. For that purpose, the reference image patch is moved in the search
image, at each searching site in the search image, a similarity measure of the gray levels is
calculated. Based on the similarity measure, the correspondences are determined. However,
the algorithm will fail if the images are not similar, because the inherent problem of the crosscorrelation lies in that the similarity measures, based on gray values, are not invariant with
respect to rotation and scale. The problem with using standard squared windows also arises at
surface discontinuities or at surfaces with big disparity variations. Many attempts have been
made to remedy these serious problems. One possible method is to wrap the image window
according to the estimated orientation of the image and surface to reduce the effect of
projective distortion (Panton, 1978; Kim et al., 2001). Other approaches use adaptive
windows (Kanade and Okutomi, 1994; Boykov et al., 1998), shiftable windows (Bobick and
Intille, 1999), or windows based on image segmentation (Tao et al., 2001). These approaches
could improve the matching results but the problem caused by occlusions still remains.
Least Squares Matching (LSM) is the most accurate image matching technique, the location
of the match can be estimated with an accuracy of up to 0.01 pixels (Ackermann, 1984).
Being same as the cross-correlation method, it is based on the similarity of gray levels (in
LSM, similarity is represented by the sum-of-squared differences). However, it is very
sensitive with respect to the quality of the approximations; they have to be known with an
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accuracy of a few pixels. For that reason, LSM is often used to improve accuracy as a final
step following the application of another matching technique, e.g. cross-correlation, for
establishing the approximations. Just as the cross-correlation method, LSM will fail if the two
image patches are not similar (due to the perspective distortions, the image rotation or
different image scale and the insufficient modeling of the object surface); it is especially
confronted with problems if there are occlusions due to surface discontinuities. LSM can be
expanded to more than two images. In addition, geometrical constraints can also be included
in the mathematical model (Gruen, 1985; Gruen and Baltsavias, 1985, 1988; Baltsavias,
1991).
ABM can also be carried out globally using connected windows like multipatch or multipoint
matching algorithms proposed by Gruen (1985), Rosenholm (1987), Li (1989). In this case,
areas of poorly and repetitive texture can be successfully dealt with to a certain extend.
However, these methods need also good approximations and cause high computational costs.
ABM, especially the least squared matching method, has a very high accuracy potential in
well-textured image areas. ABM can generate very dense matching results and this is very
important for DSM generation. Disadvantages of ABM are the sensitivity of the gray values to
change in radiometry due to factors such as illumination changes, the large searching distance
for matching including various local extrema and the large data volume which must be
handled. Blunders can occur in areas of occlusions, poor and repetitive texture.
• Feature-Based Matching (FBM)
FBM does not use the gray levels themselves as the description of the images but rather an
abstract image representation derived from a feature extraction process. FBM normally
comprises of two stages. Firstly, the features, together with their attributes, are extracted in
each image individually. Secondly, corresponding features from different images have to be
found under certain assumptions regarding the local geometry of the object to be
reconstructed and the geometric or radiometric constraints. As compared to gray value
windows, features are in general more invariant with respect to geometric and radiometric
variations.
The features can be points of interest, edge pixels, line segments, contours and regions. Each
feature is characterized by a set of attributes. For example, the interest values for points, the
image gray values within the flanking region of edges or around points, the edge orientation
and strength (gradient across the edge) for edge pixels and segments, the length and curvature
of edges and lines, the size and the average brightness of regions. The form of the attributes as
well as the type of features used for matching depends on the task to be solved. The features
should exhibit the properties such as density-detection, seldomness-distinctness in their local
neighborhood, stability-invariance with respect to geometric and radiometric transformations
and image noise, precision of localization and interpretability (Baltsavias, 1991). Generally
the more uncorrelated attributes are used, the easier is the handling of the matching stage.
Feature extraction schemes are often computationally expensive and require a number of free
parameters and thresholds that must be chosen a priori. The result of feature extraction is a list
containing the features and their attributes for each image.
The second stage, i.e. the correspondence stage often consists of two phases. In the first
phase, a preliminary list of candidates is built up based on a similarity measure and very often
constraints for restricting the search space. Usually the epipolar constraint is used.
Approximate values of the object also can be employed to reduce the search space. They can
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either be specified by the user, e.g. in the form of limits for the object's distance from the
images, or they can be derived automatically by hierarchical procedures. After restricting the
necessary search space, the possible candidates have to be further checked based on a
measure of similarity. The similarity measures are normally computed by using the feature
attributes. The number of candidates can further be reduced by excluding those failing to meet
a certain threshold for their similarity measure. In the second phase, for each given feature,
the remaining candidates are checked for consistency, compared and finally the best is
chosen. The consistency checking is normally performed in a local neighborhood and solved
by some kind of optimization method such as dynamic programming, relaxation techniques,
simulated annealing and graph theoretical approaches. Examples can be found in a large
number of publications such as Marr and Poggio (1979), Grimson (1985), Barnard and
Thompson (1980), Ohta and Kanade (1985), Foerstner (1986), Vosselman (1992), Greenfeld
and Schenk (1989), Christmas et al. (1995) and Pajares et al. (1998). A detailed review of
FBM can be found in Dhond and Aggarwal (1989).
Low level features such as points and edge pixels suffer from multiple candidates due to the
paucity of their attributes, therefore high level features such as line segments, contours and
regions are commonly employed in recent years. Structures belong to the high level features
and can be seen as a set of low level features together with their attributes. The attributes also
include relations between the features. Examples can be geometric such as the angle between
two adjacent polygon sides or the minimum distance between two edges, radiometric such as
the difference in gray value or gray value variance between two adjacent regions or topologic,
such as the notion that one feature is contained in another. The method with structures is also
referred to as relational matching or structural matching. Examples can be found in Gold and
Rangarajan (1996), Horaud and Skordas (1989), Christmas et al. (1995) and Wang (1998).
FBM is often used as alternative to ABM. Compared to ABM, FBM techniques are more
flexible with respect to surface discontinuities and requirements for approximate values. The
accuracy of the feature based matching is limited by the accuracy of the feature extraction
process. Also because of the sparse and irregularly distributed nature of the extracted features,
the matching results in general is sparse and post-process procedures like interpolation need
to be performed. High-level features such as line segments and structures can be used for
FBM. However, the results of FBM are sparse and strongly depend on the success of the
feature extraction procedure.

3.2.2 Constraints
Matching constraints can be derived based on assumptions about the real world. For
example, the object surface should be piecewise smooth or the matched primitives should
exhibit similar attributes in different images. In general there exist three forms of constraints,
i.e. unary, binary and N-ary constraints. A unary constraint represents the similarity or
likelihood of individual matches. The epipolar constraint and the similarity constraint are
two main examples of unary constraints. Higher order constraints are also possible where the
knowledge about our real world (for example, the object surface is piecewise smooth and
opaque) is used to determine which set of matching candidate are mutually compatible. The
surface smoothness constraint can be seen as a binary constraint. Constraints representing
mutually topological relations among matches normally belong to N-ary constraint. In this
section, several commonly used constraints will be described.
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• Geometry Constraint
Very often the images are taken with a system which can be modeled by the pinhole camera
model and the sensor model for these cameras is the central perspective projection, which
can be represented by the so-called collinearity equations. This model provides for a very
powerful constraint called epipolar geometry constraint. The epipolar constraint is vital in
reducing matching ambiguity problems and computational costs. If the image orientation
parameters are known precisely, only candidates along the epipolar line are possible
matches. If the orientation parameters are only known approximately, the search space is still
restricted to a band centered at the epipolar line, its width depending on the quality of the
approximations. Most of the matching algorithms developed both in photogrammetry and
computer vision community explicitly or implicitly use this constraint.
The epipolar constraint has also been extended to process other matching primitives like
edges and line segments (Medioni and Nevatia, 1984). Furthermore, this constraint can be
extended to so-called geometric trinocular constraints when a third image is introduced and
combined (Yachida et al., 1986; Pietikainen and Harwood, 1986; Ito and Ishii, 1986). The
use of epipolar constraints with more images can be referred to Gruen (1985), Maas (1996),
Maas and Kersten (1997) and Tao (2000).
In addition to the epipolar geometry constraint, it is common to employ restrictions in the
object space to further constraint the search space. For example, the height range of the
terrain, i.e. the maximum and minimum height, is commonly employed. When combining
these two constraints, the matching candidates need only to be searched along a fraction of
the epipolar line.
To cooperate the epipolar constraint, a pair of images can be resampled according to their
relative orientation parameters so that the matching is only performed along the epipolar
lines. However, this method can only be used for stereo pairs and not suitable for more than
two images. The methods working in object space, such as the Vertical-Line-Locus method
(Bethel, 1986; Wang et al., 1993), the Object-Space Least Squares Correlation proposed by
Helava (1988), the Facets Stereo Vision proposed by Wrobel (1987), and Multiphoto
Geometrically Constrained Matching proposed by Gruen and Baltsavias (1988), implicitly
employ the epipolar constraint or “nadir-line” constraint through the sensor model and they
have the ability to match multiple images simultaneously.
Unlike the frame-based imagery, where all pixels in the image are exposed simultaneously,
each scan line of the linear array image is collected in a push-broom fashion at different
instant of time so that there are no epipoles. Thus, there is no epipolar geometry constraint
with linear array images. One way to solve this problem is to use the matching methods
working in object space, and during the matching the epipolar geometry constraint can be
implicitly employed. Another way is try to provide approximated epipolar geometry by using
the linear array sensor models. Baltsavias and Stallmann (1993) employed Kratky’s
polynomial mapping functions (PMFs), which transform from image to image, image to
object and object to image space, to compute the corresponding epipolar geometry for the
SPOT images and they stated that the epipolar curves can be approximated as epipolar
straight-lines with a very high accuracy. Thus, the straight line can be used as a quasi epipolar
line.
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• Similarity Constraints
Typically, matching candidates that satisfy the epipolar geometry constraints are subjected to
further checking using similarity measures computed from the attributes of matched
primitives. The definition of similarity measures for a good match obviously plays an
important part in each matching algorithm.
For ABM the similarity between gray value windows is defined as a function of the
differences between the corresponding gray values. The most common similarity measures
are for instance sum-of-squared differences, sum-of-absolute differences, normalized crosscorrelation and rank methods (Bhat and Nayar, 1998). Based on these similarity measures,
the correspondences are determined. The principle of correspondence determination is very
substantial, because it straightforwardly dominates the quality of results. Consequently it is
very important to design a method based on good logical basis, not just on some heuristics
“which works well”. There exist different methods for determining the matches based on
similarity measures, such as winner-takes-all and stable matching (Sara, 1999, 2001). Other
methods relate to defining appropriate image window, both in its size and shape, in order to
increase the discriminability power of the similarity measures.
For FBM, the definition of the similarity measure is more complicated. The definition must
be based on the attributes of the features. In most FBM algorithms the differences in the
geometric and radiometric attribute values are combined using heuristics and thresholds in
order to compute the similarity measures. The similarity measures are often encoded into a
cost function. Then the function must be minimized by some kind of optimization procedure.
• Compatibility Constraint
Compatibility constraints belong to high order constraints and they express the fact that a
pair of matches are mutually compatible, and are usually derived from the assumptions about
the underlying physical principle of the real world. Examples of these constraints such as the
surface uniqueness constraint, the surface smoothness constraint, and ordering
constraint can be introduced into the matching algorithms. These constraints can be seen as
the priori knowledge about our surrounding environments and regularization terms in order
to solve the ill-posed matching problems.
In practice, the surface smoothness constraint could be formulated in a number of different
ways. For example, neighboring matches should have similar disparities, satisfy the
disparity gradient limit, or lie on the same edge contour in all images – figural continuity
constraint. Marr and Poggio (1979) proposed that the human visual processor solves the
stereo matching problem in five main steps and formulate two basic constraints – the surface
uniqueness and smooth constraints. Mayhew and Frisby (1981), Grimson (1985) pointed out
another important constraint – the figural continuity constraint, which requires continuity of
disparity along contours (object boundaries), and used it to check the global consistence of
the preliminary matches and try to solve the matching ambiguities. In their works, the
surface smoothness constraint was represented in image space in terms of disparity
smoothness constraint. Mayhew and Frisby (1981) also proposed a theory of disparity
gradient and stated that for most natural scene surfaces, including jagged ones, the disparity
gradients between correct matches is usually less than one. Pollard, Mayhew and Frisby
(1985) proposed a new PMF algorithm that imposes a disparity gradient limiting constraint
among candidate matches. During the matching process, the matching strength of each
potential match is evaluated as a sum of the support it receives from all potential matches in
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a neighborhood that satisfy the disparity limit criterion. The uniqueness constraint is
propagated using a discrete relaxation method where the final match is that receives the
largest supports from its neighborhood. They also observed that the disparity gradient limit
could be violated in case of very steep slope area. Prazdny (1985) has suggested the
coherence principle as well as the disparity continuity principles, which hold true for opaque
surfaces only.
Topological constraints attempt to use the fact that the relationship of the three-dimensional
structure in different images should be identical and that this constraints the projection of
this structure in different viewpoints. The ordering constraint, which requires the order of
two matched primitives in one image should be kept in other images, is an example of
topological constraint. In general, the topological constraints assume that the relative
positions of the primitives remain similar between images. This is less true of features
widely separated in three-dimensional space and where occlusions often result in local
violations of this constraint.
Quite often, the compatibility constraints are implemented in a heuristic manner within
various methods of optimization and they are normally expressed as compatibility
measures. For most forms of these compatibility measures, constraint information is only
available if certain neighborhood conditions are met. For example, the surface smoothness
constraint can be expressed as a compatibility measure, and when the matches within a local
neighborhood have similar disparities the compatibility measure should exhibit high values.
Different compatibility constraints can be expressed as different compatibility measures and
they can be further combined from either a weighted average of the individual measures or a
series of threshold filters.

3.2.3 Optimization Procedures
Having computed the similarity measures and compatibility measures from various
constraints, these measures must be embodied within some kind of optimization procedure to
extract the final set of matches. There are two major components to any such method. First,
some criterion must be defined which can be selected and distinguish between correct and
incorrect matches, i.e. define a cost function. Second, the method requires an algorithm to
explore the search space in order to minimize the cost function.
The simplest method for achieving final matches is just to check the similarity of the
attributes of the matched primitives, and accept the match if the similarity measure is greater
than some threshold. Normally, the higher level features with more uncorrelated attributes
are used, the easier to discriminate the correct matches from mismatches. However, since
matching primitives rarely contain sufficiently unique sets of attributes, a simple comparison
strategy is unlikely to lead to a unique match for every image primitive, particularly for low
level and less complex features.
For this reason, compatibility measures are introduced in an attempt to obtain unambiguous
matches. Such information dramatically increase the complexity of the matching process,
therefore, a formal and commonly used method is to cast the matching process as an
optimization problem in which both unary and binary matching constraints may be encoded
in the cost function. Actually in all matching methods there is an implied if not explicit such
function. Once the cost function has been defined, various algorithms can be applied to find
its minimum.
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In LSM and its extensions – multipatch or multipoint matching, gradient based iterative
scheme such as the robust least squares adjustment is used to solve the optimization
procedure. The works of Gruen (1985), Gruen and Baltsavias (1985, 1988) and Rosenholm
(1987) have marked important steps for LSM toward unified surface reconstruction methods.
Gruen (1985) not only has introduced the geometrical constraints (can be seen as an implicit
implementation of the epipolar and other geometry constraints) into LSM but also integrated
the object surface reconstruction into that process. He also showed more than two images
can be processed simultaneously. For surface reconstruction a set of connected patches,
which can be expressed by bilinear finite elements, can be processed simultaneously. In
Helava’s (1988) Object-Space Least Squares Correlation approach, radiometric surface
models describing the brightness of a pixel in object space, called groundel are also
introduced into LSM. Thus, LSM has become a uniform procedure where various parameters
including the image orientation parameters, the three dimensional information and the
radiometric reflectance parameters of the surface can be estimated simultaneously and
surface smoothness constraints can be introduced.
Fua and Leclerc (1995) presented a specific object-centered reconstruction method and its
implementation. The method begins with an initial estimate of surface shape provided, for
example, by triangulating the results of conventional stereo. The surface shape and
reflectance properties are then iteratively adjusted to minimize a cost function that combines
information from multiple input images. The cost function is a weighted sum of stereo,
shading, and smoothness components, where the weight varies over the surface. For
example, the stereo component is weighted more strongly where the surface projects onto
highly textured areas in the images, and less strongly otherwise. Thus each component has
its greatest influence where its accuracy is likely to be the greatest. They argued that an
object-centered representation is most appropriate for image matching because it naturally
accommodates multiple sources of data, multiple images and self-occlusions.
The Hopfield neural network is commonly used in optimization process for image matching
(Lee et al., 1994; Pajares et al., 1998). In these processes the matching is carried out by
minimizing an energy function that is formulated from the employed constraints. It
represents a mechanism for propagation of constraints among neighboring match features for
the removal of ambiguity of matching problem in an iterative manner. In works of Kittler
and Hancock (1989), Li et al. (1993) and Pajares et al. (1998) the probability relaxation
techniques are also employed to include unary and binary constraints. In their methods, the
initial probabilities of matches, established from a local image matching process and
computed from similarity in the feature values, are updated iteratively depending on the
matching probabilities of neighboring features and also from the employed constraints.
Other methods include the dynamic programming (Ohta and Kanade, 1985), the recursive
graph search techniques, for example the graph search (Boyer and Kak, 1988) and the
maximal cliques (Horaud and Skordas, 1989).

3.2.4 The Matching Strategy
An image matching algorithm may consist of a number of steps. Each of the individual
modules that can be employed for each step has both advantages and disadvantages. Thus,
potentially something is to be gained from suitably combining these modules. Moreover,
some parameters such as the approximate overlap or an average terrain height must often be
provided a priori in order to reduce the search space, and values for free parameters and
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thresholds (window sizes, criteria for stopping the optimization etc.) must be initialized.
Finally, internal quality checks should be carried out in order to guarantee a correct result. In
the matching strategy the individual steps carried out within the algorithm are determined.
According to Gülch (1991) and Faugeras et al. (1992), a good matching strategy is decisive
for a successful solution in more complicated situations. Some of the aspects of a good
strategy such as combining multiple matching primitives, hierarchy and redundancy are
discussed in the following. For other matching strategies such as integration of feature
extraction, matching and interpolation can be found in Hoff and Ahuja (1989), detection and
correction of matching errors can be found in Mohan et al. (1989).
• Multiple Matching Primitives
As described in the previous section, both ABM and FBM techniques have advantages and
disadvantages, therefore a combination of both usually could improve the results over either
techniques alone.
Cochran and Medioni (1992) proposed a method that integrates ABM and FBM techniques.
They used edge information to improve the disparity map produced using cross-correlation. In
his method, the area-based matching provides a dense disparity map, and the feature-base
matching provides an accurate location of discontinuities. These are then combined to
produce a dense disparity map with improved accuracy at depth discontinuities.
Hahn (1993) proposed a hybrid method that involves using edge features in each image to
define regions for subsequent least squares matching.
Han et al. (2000) also used a hybrid stereo matching algorithm, a combined edge-based and
area-based method to take advantage of each technique. The proposed matching algorithm
consists of edge-, signed-, and zero- or residual-pixel matching. Different matching strategies
are adopted in each match step. Adaptive windows with variable size and shapes are also used
to consider the local information of the pixels. In addition, a new relaxation scheme, based on
the statistical distribution of matched errors and constraint functions which contain disparity
smoothness, uniqueness and discontinuity preservation, is proposed to efficiently reduce
mismatches in unfavorable conditions.
• Hierarchy
Hierarchical methods are used in many matching algorithms in order to reduce the ambiguity
problem and to extend the pull-in range. They can be mainly divided into two classes: the
coarse-to-fine hierarchy and feature hierarchy.
With coarse-to-fine hierarchical strategy, information obtained at a coarse scale is used to
guide and limit the search space for the matching of finer-scaled primitives. In this strategy,
the initial matching begins at a coarse scale where feature density is less due to the scale
change. This reduction in feature density reduces the search space, which in turn makes
matching easier, but not necessarily more accurate, because localization at coarse scale is less
accurate. Such multi-scale strategy can be used with scale-specific primitive representations
and can be incorporated into both ABM and FBM techniques. For this task images are
represented in a variety of resolutions, leading to so-called image pyramids. A coarser
resolution is equivalent to a smaller image scale, and a larger pixel size. Thus, in
photogrammetric and remote sensing applications, for example, the ratio between the flying
height and the terrain height increases as the resolution decreases, and local disturbances such
as occlusions become less of a problem.
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Feature hierarchy is also referred to hierarchical constraint. The term hierarchical
constraint is exploited to propagate the matching results obtained with high level features to
the correspondence of their constituent low level features. Lim and Binford (1988) developed
an image hierarchy of features related by hierarchical relations: bodies, surfaces, junctions,
curves and edges. Matches between body feature are likely to produce more correct matches
and also provide considerable constraint on the possible matches of their constituent surfaces.
In turn, matches between surfaces provide constraint on lower level features. This hierarchical
constraint is likely to reduce the search space quite considerably. Marapane et al. (1994)
proposed a multi-primitive hierarchical (MPH) stereo analysis method. In his method, stereo
matching is performed in multi-stages, incorporating multiple, utilizing a hierarchical control
strategy. The MPH stereo system consists of three integrated subsystems: region-based
analysis module; linear edge segment-based analysis module and edgel-based analysis
module. Results of stereo analysis at higher levels of the hierarchy are used for guidance at
the lower levels. The method does not overly rely on one type of primitive and therefore can
reliably work on a wide range of scenes.
• Redundancy
It is not known how the human operator measures points stereoscopically, but he or she is
certainly still more capable to set the measuring mark on the ground than any developed
matching algorithm. In other words, the blunder rate for automatically matched points can be
rather high. Efficient blunder detection is only possible if there is a large redundancy in the
system. We take the DSM generation as an example. With the conventional methods the
human operator uses his/her insight and intelligence to select the points that well represent the
terrain surface and measures them. In this case, the implicit philosophy behind is that for
economic reason as few points as possible are to be measured which will be sufficient to
represent the terrain. Nowadays image-matching techniques are employed to collect the
points automatically for DSM generation. The computational costs for collecting a very large
number of points is relatively low. The points can be matched with potentially sub-pixel
accuracy. The philosophy of image matching is “redundancy” so that intelligent setting of
points by skilled human operator is replaced by redundant capture of points. The high density
of matched points also has the consequence that the number of break-lines is considerably
reduced (Ackermann, 1996).
Another issue related to redundancy is that of multiple image matching. Matching with
multiple images is believed to be necessary and important for reducing of problems caused by
occlusions, multiple solutions, and surface discontinuities. Actually, provided a sufficient
image overlapping exists, there should most of the time be two or more images in which a
relevant feature of the scene is well and similarly characterized. Matching with multiple
images also provides a high redundancy of feature observations (matches) and this will
increase both the precision and reliability of the matching process. In addition, higher
measurement accuracy through the intersection of more than two imaging rays can be
achieved.

3.2.5 Methods for Automatic DSM Generation
DSMs make use of a number of sampled points, together with break-lines, to represent the
terrain surface in a digital form. DSMs also depict the elevations of the top (reflective)
surface of buildings, trees, towers, and other features elevated above the bare earth. In
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particular, DSMs in suburban and urban areas are very useful for a great number of
applications, which include the inter-visibility calculations for the optimization of the location
of telecommunication antennas, risk mapping, (true) orthoimage generation, mission planning
and rehearsal, virtual and augmented reality, and urban planning. DSMs are also an
unavoidable information for scene analysis and understanding, for change detection for
database updating and cartographic 3D feature extraction and reconstruction. For all of these
applications, the requirements for the quality of DSMs may vary a lot but at least some
important morphological details need to be preserved in the resulting DSMs. In general, the
quality of the resulting DSMs mainly depends on the measurement accuracy and the
optimality selection of the points. Quite often, the break-lines, which represent the
discontinuities of the terrain, are important and need to be integrated into DSMs.
Automatic DSM generation through image matching has gained much attention in the past
years. A wide variety of approaches have been developed, and automatic DSM generation
packages are in the meanwhile commercially available on several digital photogrammetric
workstations. Commercially successful software packages such as Match-T, LPS of Z/I
Imaging, AATE of Socet Set (LH System) and automatic DTM generation module of
VirtuoZo are examples.

3.2.5.1 Methods for Small- and Medium-Scale Images
In general, DSM generation with small-scale satellite and aerial images is easier than with
large-scale ones because with these low-resolution images, the terrain surface is assumed to
be smooth everywhere expect in very rugged areas. While with medium-scale images, the
surface discontinuities have to be considered in order to improve the quality of the resulting
DSM.
Otto and Chau (1989) proposed a “region-growing” algorithm for generating terrain models
by using the SPOT images. The method can be seen as an extension of Gruen’s adaptive least
squares correlation algorithm (Gruen, 1985). The basic idea behind this method is to select
the best of the nearest matched points as the point whose knowledge (about the image
disparity) is given to the expected point. Therefore the method works quite well when the
terrain is smooth and the matched points are close. This algorithm has been refined with
respect to robustness of the results, extended to process multiple (more than two) images, and
has been successfully used in other projects such as the MEOSS airborne three-line scanner
imagery and the MOMS-02/D2 imagery (Heipke and Kornus, 1991; Heipke et al., 1994;
Kornus et al., 1999). A similar method can also be found in Trinder et al. (1994). They
provided a method for processing the SPOT images and in their matching algorithm, the
knowledge of several surrounding matched points is spread to the expected points by using a
simple transformation function. This method avoids the risk of relying on the knowledge of
only one matched point but still it may not work well in case of very steep terrain or low
density of matched points.
Brockalband and Tam (1991) built up a hybrid model for the SPOT imagery matching. In
their method, a feature map is built for each image from the joined edges. Features from the
left image could match the features from the right image. Iterative relaxation labeling is the
technique used to solve the FBM. The disparity values from the FBM stage are used to predict
match locations for the subsequence area-based gray scale correlation. The information from
FBM makes the ABM perform more quickly and robustly. One main drawback is that the
mismatches in FBM stage may remain and further influence the ABM stage.
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Baltsavias and Stallmann (1992) presented a matching algorithm for automatic DTM
generation from SPOT images that provides precise and reliable results. They attacked the
problem of radiometric differences between the images. The proposed algorithm is based on a
modified version of the Multiphoto Geometrically Constrained Matching (MPGC). It was the
first algorithm that explicitly uses the SPOT geometry in matching, restricting thus the search
space in one dimension, and simultaneously providing pixel and object coordinates. This
leads to an increase in reliability, and to reduction and easier detection of blunders. In their
method, radiometric differences are strongly reduced by performing matching not in the gray
levels but in gradient magnitude images. Gross errors are detected by statistical analysis of
criteria that are provided by the algorithm and by a robust analysis of the heights within local
neighborhoods. They also did an extensive testing using a stereo SPOT model over
Switzerland.
Xiong et al. (1997) developed a sub-pixel accuracy matching algorithm. The algorithm
combines the matches of edges and gray values in order to match precisely and reliably a pair
of remote sensing images taken by dissimilar sensor at different time. It mainly consists three
processing steps. First, edges of objects are extracted with a fast LOG operator. Then, a
coarse matching is implemented by using the principle of invariant line moment. Finally,
under the constraint of the above coarse matching, a sub-pixel location is directly produced
with LSM. However, they have not given any processing results of real image data.
Hsia and Newton (1999) developed a new method for automatic DEM generation by using
feature points, grid points, and “filling back” points with an appropriate matching strategy and
then combined them for the final DEM generation. All three kinds of points are efficiently
combined by means of a triangular irregular network (TIN) model. They employed the image
pyramid in order to reduce the search space and computational costs and in each pyramid
level, the feature points extracted by the Lü interest operator are matched firstly and then they
provide good approximations for the subsequent matching of grid and filling back points.
Tests with 1:12,000 and 1:25,000 aerial photos have demonstrated the capability of the
proposed method to give encouraging results.
Toutin (2004) gave an evaluation of DEM extraction from high-resolution stereo images
(SPOT-5, EROS and IKONOS) by using a three-dimensional multi-sensor physical model
developed at the Canada Center for Remote Sensing, Natural Resources Canada. The
matching based on multi-scale mean normalized cross-correlation method. DEMs are
generated based on the computation of the maximum of the correlation coefficient. The
resulting DEMs were compared to 0.2-m accurate LIDAR elevation data. Elevation linear
errors with 68% confidence level (LE68) of 6.5 m, 20 m and 6.4 m were achieved for SPOT,
EROS and IKONOS, respectively. He also pointed out that the elevation accuracy depends on
the land cover types. LE68 of 1-2 m were obtained for bare surfaces and lakes. An evaluation
on DEM generation from Landsat7 ETM+ data over high relief areas was also reported in
Toutin (2002).

3.2.5.2 Methods for Large-Scale Images
In recent times, attempts have been made to produce high resolution and high accuracy DSM
with large-scale images of complicated terrain areas and built-up areas. For example, various
algorithms and techniques were developed by using multiple overlapping images or by
integrating of two distinct matching methods: feature-based and area-based approaches. Some
algorithms tried to solve the problems by using adaptive matching mask sizes or by
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integrating additional two-dimensional information from existing geodatabases. There were
also many algorithms trying to integrate high-level semantic knowledge and making use of
the neighborhood contexts (Haala, and Brenner, 1998; Forstner, 1988; Chung and Nevatia,
1992).
Lotti and Giraudon (1994) presented their works on aerial stereo images of urban areas from
correlation-based algorithm, with an adaptive window size constrained by edges extracted
from the images. They used this method to process the high resolution aerial images and
image space, the disparity was computed by means of Contour Based Disparity Limited
(CBDL) method in order to avoid the occluded pixels. The CBDL method could generate
dense surface models with good localization of discontinuities.
Maas (1996) presented a new method based on the extraction of discrete points by an interest
operator and epipolar line intersection techniques in multiple overlapping images. The
proposed method can be considered an extension of well-known automatic DEM generation
approaches from a stereo technique to a multi-image technique, and it solves the problem of
provision of approximate values inherently. In contrast to most stereo-based techniques, the
method is not based on image pyramids, but on the consequent exploitation of the geometric
strength of multiple images, implemented via the intersection of epipolar lines. Tests of the
proposed method to DEM generation, in mountain regions, based on scanned overlapping
imagery of a regular block with 80%/60% overlap and on still-video imagery taken from a
helicopter, have shown good results and blunder rates of less than 0.5% without introducing
assumptions in terms of the maximum steepness of the terrain and without any post
processing.
Lu et al. (1998) developed a 3D terrain reconstruction method using compound techniques.
The proposed method is a more efficient method for determining elevations from overlapping
digital aerial images and satellite images. It combines image analysis and image matching
methods and supplies a more accurate DEM. Their system consists of three main parts. The
first part processes the stereo image pair. After the analysis of the disparity map using image
segmentation techniques, the houses and trees areas are localized. The second part uses a
standard image segmentation technique applied to single left image to localize the house areas
Finally these areas that do not belong to terrain features can be removed from the DSM.
Maillet et al. (2002) developed a framework for surface reconstruction in urban areas from
digital multiple aerial images. With this method, a dense and reliable DSM was first
generated and used to split the scene into two kinds of areas of interest: ground and buildings.
The surface within these areas are modeled under TIN form by a constrained Delauney
triangulation of a selection of 3D points and line segments, which are provided by reliable
true multi-image feature extractions.
Kim et al. (2001) proposed an adaptive stereo matching algorithm to encompass stereo
matching problems in projective distortion region. The algorithm uses an adaptive window
warping method in hierarchical matching process in order to compensate the perspective
distortions. In addition, the probability theory was adopted to encompass the uncertainty of
disparity of points over the window. They tested their method and stated that remarkable
improvement could be obtained in the projective distortion region.
Gabet et al. (1997) presented a highly redundant correlation process for automatic generation
of high resolution urban DEMs. The approach mainly consists of three steps. In the first step,
the image acquisition specification as image sequences leads to pairs with various base/height
ratios in order to obtain good precision and few errors due to hidden parts. In the second step,
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various stereovision methods are used and the results are merged, thus attributing to each
pixel the most probable and precise elevation. In the third step, terrain-DEM and buildingDEM are extracted automatically from computed DEM in order to post-process each class
specifically. Finally, these 2 DEMs are combined to generate a final DEM which presents the
best continuity for ground surface, and which respects sharp building discontinuities.
Baillard and Zissermann (2000), Baillard et al. (1999) proposed A new method for
automatically reconstructing 3D planar faces from multiple images of a scene. The novelty of
the approach lies in the use of inter-image homographs to validate and best estimate the plane,
and in the minimal initialization requirements — only a single 3D line with a textured
neighborhood is required to generate a plane hypothesis. The planar facets enable line
grouping and also the construction of parts of the wire-frame which were missed due to the
inevitable shortcomings of feature detection and matching. The method allows a piecewise
planar model of a scene to be built completely automatically, with no user intervention at any
stage, given only the images and their orientation elements as input. The robustness and
reliability of the method have been illustrated on both aerial and interior images. The method
is originally used for building extraction, however, for our point of view it can also lent helps
for DSM generation.
Wiman (1997) developed a system for the automatic reconstruction of a three-dimensional
terrain surface. Matching is performed in object space, so that an arbitrary number of
overlapping images, with a minimum of two, can be used. Image pyramids are used to
decrease the search space. The similarity measure is the correlation coefficient. In order to
take perspective differences into account, the images are resampled after each pyramid level,
using the latest available surface model. Thus orthophotos are automatically generated,
simultaneously with the surface reconstruction. All pixels in the orthophoto are matched. In
order to make the result more robust, the matched points are filtered in two steps to reduce or
eliminate the effects of gross errors. The resolution of the digital surface model can be
reduced by estimating a sparser grid of heights through a least squares adjustment of finite
elements.
Paparoditis et al. (1998) described a set of techniques to perform 3D stereo mapping on aerial
imagery. After performing a survey of computational stereo framework, several
complementary stereo techniques are discussed for suburban/urban mid- and high-resolution
images. These methods are intended for the analysis of urban and suburban areas and have
been applied to images of different resolutions (between 1m and 10 cm pixel-size). Various
algorithms for image matching have been investigated, including hierarchical processing and
new correlation schemes that have interesting properties for building recognition and building
feature grouping. Cooperative combination of 2D and 3D information allows the complete
representation of the observed scene and particularly the detection of man-made raised
structures such as buildings.
Baillard and Dissard (2000) presented a stereo matching algorithm dedicated to complex
urban scenes. This algorithm relies on successive complementary matching steps, based on
dynamic programming. First, intensity edges of both images are matched, which produces
piecewise continuous 3D chains. This provides a description of the scene structure containing
the highest elevation of most height discontinuities. Then the interval pairs defined by the
matched edges are matched in a hierarchical way, by a radiometrically-constrained process
followed by a geometrically constrained one. The novelty of the proposed approach lies in the
use of several successive steps appropriate to different kinds of pixels. It provides dense
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disparity maps with less noise, while preserving discontinuities, which are a characteristic of
urban DEMs. The method has proved reliable and fast, and robust to image variability
through tests.

3.3 General Strategy for DSM Generation
Although the algorithms and the matching strategies mentioned in 3.2 may differ from each
other, the accuracy performance and the problems encountered are very similar in the existing
major systems and, the performance of commercial image matchers does by far not live up to
the standards set by manual measurements (Gruen et al., 2000). To develop an automatic
DSM generation system, we have to consider the following problems:
(a) Poor or no texture: Image texture forms a basis for the real strength of an ABM
by providing a statistically matchable pattern. However, part of the scene may be
with poor or even without texture. The problem is even more serious in large-scale
images of suburban and urban areas. Man-made objects such as buildings and
roads are normally built with homogenous materials so that they contribute large
image areas of poor textures.
(b) Distinct object discontinuities: This often happens in large-scale images of builtup areas. Image patches around the discontinuities may have large differences in
different images due to the perspective projection distortion. The distinct object
discontinuity itself is also a main source of occlusion problems.
(c) Local object patch is no planar face in sufficient approximation: ABM
techniques such as cross-correlation and LSM are based on assumptions that the
local object surface can be approximately expressed by a titled planar surface.
Violating this assumption causes low value of similarity measures when ABM
methods are used thus provides matching ambiguity.
(d) Repetitive structures: Repetitive structures normally exhibit periodic texture
pattern in images. They tend to confuse a matcher because the matcher may
confuse a feature in one image with features from nearby parts of the structure in
the other images, especially if the image features generated by these structures are
close together compared with the disparity of the features.
(e) Occlusions: The occlusion problem in image matching refers to the fact that some
points in the scene are visible to one image but not the others. The problem is
mainly due to the occurrence of a surface discontinuity. Occlusion is a main
source of mismatches in almost all of the existing matching methods.
(f) Moving objects, including shadows: Moving objects normally disturb the image
matching methods, especially with large-scale imagery data. Shadows in images
will show poor texture information and lower signal-to-noise ratio. Both cases
may result in a large number of mismatches.
(g) Multi-layered and transparent objects: This is one of the most difficulty case
for image matching because this kind of object will cause problems of occlusions
and spatial ordering changes in different images.
(h) Radiometric artifacts like specular reflections and others: Most surface are
anisotropic reflectors. Different perspectives will therefore result in varying
reflectance strengths of the incident the light into direction of camera.
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(i) Reduction from DSM to DTM: To get a DTM, one has to reduce the elevations
to bare terrain in urban areas or heavily vegetated areas. This topic is out of the
scope of the thesis.
To develop a reliable, precise and efficient DSM generation approach aiming to attack the
problems mentioned above, we have to take the following observations into account:
(a) One should realize that the degree to these problems from (a) to (i) will influence the
matching results is image scale dependent. A DSM derived from 10 m pixel-size SPOT
images will be relatively better than one derived from 10 cm pixel-size SI images. The
resolution of images has a great influence on the representation of the terrain. Many
details recognizable in high-resolution images become unclear and finally disappear when
the image resolution gets lower. In low-resolution images, the terrain surface can be
assumed to be smooth everywhere except in very rugged mountainous areas. In highresolution images, the presence of many characteristic terrain details provides more
information for matching. However, the influences caused by occlusions, surface
discontinuities, and large areas with poor or even without textures and repetitive patterns
become significant and we cannot ignore them anymore. Also, the bigger number of
details will increase the complexity of matching process dramatically.
(b) Problems from (a) to (i) also depend on the areas under consideration (e.g. urban or rural).
The details of the terrain can have a different degree of complexity. Objects on the terrain
and the terrain itself in urban or suburban areas have a quite different appearance from
those in forest or open rural areas. Automated surface reconstruction from large-scale
imagery over suburban and urban areas remains an unsolved problem in spite of the many
efforts in the photogrammetric and computer vision fields. In these areas, the quality of
generated DSM mainly depends on the presence of image texture, on the amount of
image contrast and on the image resolution. The difficulty is compounded by the facts
that many features are similar to each other, homogeneous areas are frequent, large
surface discontinuities are common, and moving objects may disrupt the images.
(c) In general, for generating the DSMs, the computed matching results must meet the
following requirements to the largest extent possible: firstly, match as many
corresponding points or features as possible and secondly, reduce the number of
mismatches as much as possible. The most common used matching primitives could be
the pixels, feature points, edges and regions. Among these primitives, regions usually
represent the most semantic information for matching but matching with regions relies on
a previous segmentation of images, however an identical behavior of this segmentation on
all matched images is very difficult to ensure. Edges and feature points are easier to use
but often provide very sparse matching results. Therefore, matching with edges, feature
points and uniformly distributed grid points can be seen as a good choice for automatic
DSM generation.
(d) ABM and FBM are two main techniques applied in automatic DSM generation, but also
relational matching is sometimes used. All basic matching techniques have advantages
and disadvantages with respect to the problems presented above. We have observed a
trend to integrate these techniques with an appropriate strategy. Matching with multiple
images (more than two) has been proven to be necessary and important for reducing of
problems caused by occlusions, multiple solutions, and surface discontinuities. For this
purpose, multi-image matching in object space is likely to become a reasonable solution.
As reviewed in 3.2, a coarse-to-fine hierarchical approach, combined with efficiently
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implementation of the epipolar geometry and the piecewise smoothness surface
constraint, was found to be very important in order to control the computational
complexity and to ensure a high reliability for the final matched results.
To summarize, the key to successful and reliable matching is matching dense pattern of
features with an appropriate matching strategy, making use of all available and explicit
knowledge, concerning sensor model, network structure and image content such as the
epipolar geometry constraints and the piecewise smoothness surface model. For an
appropriate matching strategy, we have to consider combining the ABM and FBM, matching
parameter self-tuning, generation of more redundant matches and a coarse-to-fine hierarchical
control. Even then due to the lack in image understanding capability and the great complexity
of the image data, it appears to be impossible to find one algorithm capable of handling all
possible cases and resulting in perfect DSMs that could live up to the standards set by manual
measurements. However, it does make sense to develop a general framework for automatic
DSM generation from various image sources, into which specific algorithms can be inserted
easily, investigated and combined in order to achieve reasonable results in terms of accuracy
and reliability. In this thesis, the image data restricts to linear array imagery and actually the
algorithm is designed for further extension to other image sources such as the traditional
aerial photos. We have developed a general matching procedure for automatic DSM
generation from linear array images. It has the ability to provide dense, precise, and reliable
results. The procedure uses a coarse-to-fine hierarchical solution with a combination of
several image matching algorithms and automatic quality control.
The overall data flow of the developed matching approach is shown schematically in Figure
3-4. We aim to generate DSMs by attacking the problem (a)-(f) that are mentioned above. We
take the linear array images and the given or previously triangulated orientation elements as
inputs. After pre-processing of the original images and production of the image pyramids, the
matches of three kinds of features, i.e. feature points, grid points and edges, on the original
resolution image are finally found progressively starting from the low-density features on the
images with the low resolution. Since all the matching procedures are based on the concept of
multi-image matching guided from the object space, any number of images could be
processed simultaneously. TIN from DSM is reconstructed from the matched features on each
level of the pyramid using the constrained Delauney triangulation method, which in turn is
used in the subsequent pyramid level for the approximations and adaptively computation of
the matching parameters. Finally least squares matching methods are used to achieve more
precise matches for all the features and identify some false matches.
The whole system mainly consists of 3 mutually connected sub-systems – the image preprocessing module, the multiple primitive multi-image (MPM) matching module and
the refined matching module. The image pre-processing module is used to reduce the
effects of the radiometric problems and optimize the images for subsequent feature extraction
and image matching procedure. In the final refined matching module, the least squares
matching methods are performed only on the original resolution images to achieve sub-pixel
accuracy matches for all matched features obtained in the MPM matching module. In this
system, the modified MultiPhoto Geometrically Constrained (MPGC) matching method is
used for point matching while a Least Squares B-Spline Snakes (LSB-Snakes) is used for
matching edges, which are represented by parametric linear B-splines in object space. A
combined matching process (a point matching, an edge matching and a relaxation based
relational matching processes) goes through all the image pyramid levels in the MPM
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matching module and generates good enough approximations for the refined matching
module. To design like this is mainly due to the following two reasons. Firstly, MPGC and
LSB-Snakes algorithms are least squares matching methods and they belong to the most
accurate image matching techniques. However, they are very sensitive with respect to the
quality of the approximations; the approximations have to be known already with an accuracy
of a few pixels. Moreover, the slow convergence rate and high computational costs are
another two considerations. Secondly, the accuracy of the resulting DSM not only depends on
the accuracy of each individual feature but also how well it models the true terrain surface.
Sub-pixel accuracy matching can also be achieved by using cross-correlation based methods.
Therefore, such design is more flexible so that the refined matching module can be an option
for DSM generation.

Figure 3-4: Work-flow of the automated DSM generation approach
Pre-processing of images is an important component of the matching approach. During this
stage, the original images are processed in order to enhance the useful textures, sharpen the
edges and, at the same time reduce the inherent radiometric problems and the image noise.
For these purposes, a pre-processing method, which combines an adaptive smoothing filter
and the Wallis filter, is developed. It is directly applied to the 16-bit images. The adaptive
smoothing filter is applied to reduce the noise level, while sharpen edges and preserve even
fine detail such as corners and line end-points. The Wallis filter is used to strongly enhance
the already existing texture patterns. With the Wallis filter, the contrast and the noise are both
enhanced, but since the noise has been reduced by the adaptive smoothing filter, the noise
level still remains under the noise level of the original images, however with better image
quality. Once all the input images are pre-processed, the image pyramid is then generated
from the original resolution linear array images.
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The MPM matching module is the core of our developed matching approach. It will directly
determine the quality of the final reconstructed DSM. In order to achieve accurate, reliable
and relatively accurate matching results. The MPM matching module is designed as a robust
hybrid image matching procedure by taking advantage of both feature-based and area-based
matching algorithms. In the MPM matching module, the matching is performed with the aid
of multiple images (two or more), incorporating multiple matching primitives – feature
points, grid points and edges, integrating local and global image information and, utilizing a
hierarchical matching strategy.
The MPM matching module itself consists of 3 integrated subsystems: the point extraction
and matching procedure, the edge extraction and matching procedure and, the relational
matching procedure. These 3 subsystems are performed through the image pyramid
(hierarchical) and, the results at higher levels of the image pyramids are used for guidance at
the lower levels. At each pyramid level, the correspondence is achieved in two matching
stages – locally and globally. The local matching stage includes 2 mutually related
procedures: the point matching procedure and the edge matching procedure. The
Geometrically Constrained Cross-Correlation (GC3) algorithm is employed to provide
matching candidates for points and edge pixels. The GC3 algorithm implicitly integrates the
epipolar geometry constraint for restricting the searching space and has the ability to solve the
problem cause by repetitive structures and occlusions to a certain extend. The global
matching stage is responsible for imposing global consistency among the candidate matches
by disambiguating the multiple candidates and avoids mismatches. It is solved by a
probability relaxation based relational matching method by using the local support provided
by points within a 2D neighborhood in the object space. It corresponds to imposing a
piecewise smoothness constraint, in which the matched edges serve as break-lines in order to
prohibit the smoothness constraint crossing these edges.
Finally the modified MPGC and the LSB-Snakes methods are used to achieve potentially subpixel accuracy matches and identify some inaccurate and possible false matches. The DSM
derived from the MPM module provides good enough approximations for these methods and
increases the convergence rate. The initial values of the shaping parameters (the scale and
shear parameters) in MPGC matching can also be predetermined by using the image geometry
and the derived DSM data. For each matched point, a reliability indicator is assigned based on
the analysis of the matching results. Some points, especially those grid points in poor-texture
areas, may fail in MPGC matching. However, these points are kept but they are assigned
lower reliable indicator values. For edges, which are represented by parametric linear Bsplines in our system, the spline parameters in object space are directly estimated together
with the matching parameters of edges in the image spaces of multiple images.
To summarize, our method for automatic DSM generation from linear array images is to
integrate different matching primitives, use all available and explicit knowledge concerning
the image geometry and radiometry information, and work based on a coarse-to-fine
hierarchical strategy.
Based on the general strategy described above, We have developed a software package for
automatic DSM generation from linear array imagery. The software package was
programmed in Visual C++ and ran on Windows platforms. In order to maintain the system
efficiently and extend further for processing other image sources, all the functions, such as
sensor modeling, image pre-processing, feature extraction, image matching and DSM
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interpolation were implemented in common dynamic library. This design strategy provides at
least the following two advantages:
1) By simply replacing the sensor model parts, the software can be used to process the
traditional aerial photos and other high-resolution images from newly developed airborne
or spaceborne systems.
2) Specific or improved algorithms, such as edge extraction and edge matching, could be
inserted easily, investigated and combined in order to achieve better results in terms of
precision and reliability.
Graphic user-interfaces, including data input, parameter setup, 3D DSM visualization and
stereoscopic matching results checking were also implemented. Figure 3-5 shows a userinterfaces, through which the system reads input image data and orientation parameters, sets
up parameters controlling the density of the extracted features, displays the intermediate
processing results and the finally reconstructed DSMs. The DSM can be generated in TIN or
raster data structure. Furthermore, accuracy and performance analysis with reference data can
also be performed.

Figure 3-5: User interface of the developed automatic DSM generation and result
checking system

- 55 -

4. Pre-processing and Image Pyramid Generation

Chapter 4. Pre-processing and Image Pyramid Generation
The performance of the image matching procedure depends on the quality of the images and
the quantity of information being carried out by them. Compared to the traditional scanned 8bit/pixel images, digital imagery from linear array sensors has better radiometric performance
(e.g. higher dynamic range and signal-to-noise ratio). Nowadays, most of the linear array
sensors have the ability to provide more than 8-bit/pixel digital images. Using of these images
results in a major improvement for image matching in terms of reducing the number of
mismatches for “homogeneous” areas and especially for dark shadow areas. However, the
following radiometric problems still have to be considered:
• The original digital images usually show poor image contrast, i.e. the peak of their histogram
is typically towards the darker grey values, with the right part of the histogram decreasing
smoothly and slowly towards the higher values. Therefore, the original images have to be
enhanced in order to facilitate the feature extraction and matching process.
• SI images suffer from the image blur problem caused by stability incompleteness of the
stabilizer, e.g. CCD line jitter, kappa jitter and motion blur, and deficiencies of the lens
system. The problem is more serious on the forward and backward viewing images than on
the nadir viewing image and is more serious at the border parts than at the centre parts of the
images.
• Image noise is an unavoidable problem in digital images while many feature extraction and
image matching algorithms are sensitive to image noise. Therefore, the images have to be
pre-processed in order to reduce the image noise.
• Radiometric problems caused by the variations in the sensor view angle, the sun angle and
shadowing, the seasons and the atmospheric conditions should also be considered. These
problems are largely beyond the control of the image user, at least in most cases. However,
they have to be compensated as much as possible.
In order to reduce the effects of the above mentioned radiometric problems and optimise the
images for subsequent feature extraction and image matching, a pre-processing method,
which combines an adaptive smoothing filter and the Wallis filter, is developed. The method
mainly consists of 3 processing stages. In the first stage, the noise characteristics of the
images are analysed quantitatively in both homogeneous and non-homogeneous image
regions. The image blur problem (image unsharpness) is also addressed through the analysis
of the image’s Modulation Transfer Function (MTF). Secondly, an adaptive smoothing filter
is applied to reduce the noise level and in the meanwhile, to sharpen edges and preserve even
fine detail such as corners and line end-points. The filter requires as input an estimate of the
noise, which has already been estimated in the first stage. Finally, the Wallis filter is applied
to strongly enhance and sharpen the already existing texture patterns.
After the image pre-processing, the image pyramid is generated. The image pyramid is a
hierarchical representation of an image and is used to apply the coarse-to-fine matching
strategy.

4.1 Image Quality Analysis
In general, the quality of the CCD linear array images can be expressed quantitatively by
many factors such as the spatial resolution (image sharpness) specified by the Modulation
Transfer Function (MTF), the dynamic range, the signal-to-noise ratio, and the radiometric
accuracy. Here, we present the methods for image quality analysis with respect to the signal-
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to-noise ratio and the image sharpness, since these two factors are critical for the subsequent
feature extraction and matching process.

4.1.1 Image Noise Analysis
According to the method proposed in Baltsavias et al. (2001), Pateraki and Baltsavias (2002),
the overall noise characteristics of the images can be analyzed in both homogeneous and nonhomogeneous image regions. Homogeneous regions can be manually selected or extracted by
using some kind of image segmentation method and the processed areas should be as large as
possible. For this purpose, we followed the Seeded Region Growing (SRG) procedure, which
was proposed by Adams and Bischof (1994), and developed a semi-interactive program to
extract the homogeneous regions. With this program, the user views the image and, based on
personal judgment, chooses one seed point by a mouse-based point-and-click mechanism. The
seed point should be chosen more or less at the center of a large homogeneous area, for
example a lake, the sea or the river(s) in high-resolution images. Then, the initial standard
deviation of the image intensity values can be computed within the 7 × 7 neighborhood of the
seed point and it updates during the process. Thus, the region is grown around the seed point
based on the following homogeneity criterion:
(4.1)
Where g(x) is the intensity value at image pixel x. mean(g(y)) and std(g(y)) is the mean and
standard deviation computed from the pixels that already belong to the desired homogeneous
area, respectively.

Fig 4-1: Semi-automatic homogeneous region extraction starting from a user defined
seed point by using the Seeded Region Growing (SRG) algorithm.
The process continues until all the pixels in the image are processed. Finally some isolate
pixels, which have at least one neighboring pixels (8-connected neighborhood) belonging to
the desired homogeneous area, are merged. This method is robust, rapid and free of tuning
parameters. In Figure 4-1, an example of applying this method to the 1m resolution IKONOS
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image is shown. The homogeneous area shown in blue color is automatically extracted from a
user defined seed point. Some of the disturbances, like boats and waves, are automatically
excluded and, this is justified because these disturbances would bias the noise estimation
result.
Meanwhile, Baltsavias et al. (2001) pointed out that the use of non-homogeneous areas in
image noise analysis is necessary because large homogeneous areas do not always exist.
These areas also allow an analysis of the noise variation as a function of image intensity, as
noise for linear array sensors is not simply additive but intensity dependent. In this case, we
use the whole image or a user-defined area.
Table 4-1: Noise estimation σS (mean standard deviation) using homogeneous areas
(rivers or parking areas) for SI imagery. The noise analysis was performed with a 3 ×
3 mask size and an image grid with 3 × 3 spacing. Note that the maximum grey value
gmax and minimum grey value gmin are computed from the whole image, so that (gmaxgmin) / σS can be seen as an indicator of the signal-to-noise ratio.
Image Type
(Area)
SI-100
(Yoricho)
SI-250
(Tsurumi)

SI-290
(Yoricho)

Channel
Forward (G)
Nadir (G)
Backward (G)
Forward (R)
Nadir (R)
Nadir (G)
Nadir (B)
Backward (NIR)
Forward (R)
Nadir (R)
Backward (R)

Mean Std.
Dev. σS
3.8
6.7
5.0
45.6
63.3
42.0
59.7
48.4
21.9
23.1
29.8

Max. Grey
Value gmax
756
1237
656
4094
4095
4093
3766
4095
4095
4095
3901

Min. Grey
Value gmin
37
133
101
0
0
268
392
323
280
651
149

(gmax-gmin) /

σS

189.2
164.8
111.0
90.0
64.7
91.1
56.5
77.9
174.2
149.1
125.9

Table 4-2. Noise estimation (mean standard deviation) using non-homogeneous
areas for SI imagery. The noise analysis was performed with a 3 × 3 mask size and
an image grid with 3 × 3 spacing.
Image Type (Area)
Channel
0-255
256-511
512-767
768-1023
1024-1279
Mean
1279-1535
standard
1536-1791
deviation
1792-2047
σ ’S
2048-2303
for each
grey level 2304-2559
2560-2815
bin
2816-3071
3072-3327
3328-3583
3584-3839
3840-4095

SI-100 (Yoricho)
FG
NG
BG
3.5
6.6
3.3
4.3
6.5
5.9
3.9
7.5
6.9
6.7
5.7

FR

89.9
65.3
55.9
47.2
41.8
34.1
30.4
29.5
29.6
29.5
29.1
30.0
28.3

SI-250 (Tsurumi)
NR
NG
NB

121
101
68.2
65.4
53.7
44.0
36.0
32.6
33.1
30.7
34.1

36.6
23.3
22.2
23.6
25.2
29.7
39.5
55.9
71.1

14.4
17.9
39.0
61.3
78.6
92.1
86.7

BIR

85.1
61.9
56.8
49.5
43.5
38.4
34.3
31.6
33.1
33.6
33.3
36.6
36.0

SI-290 (Yoricho)
FR
NR
BR
42.5
33.0
37.5
27.6 32.7 35.1
19.7 30.0 31.9
20.1 26.4 31.5
21.1 25.6 31.2
21.8 24.7 29.2
21.4 23.7 28.5
21.1 21.7 26.5
20.5 20.6 27.3
21.1 20.1 27.1
21.1 20.2 26.1
20.5 20.3 25.0
20.4 20.8 24.8
20.4 20.5
21.9 19.0

Then we followed the method proposed in Baltsavias et al. (2001), for homogeneous areas, a
small window (usually 3 × 3 or 5 × 5 pixels) is moved within the areas with a 3 or 5 pixel step
and the standard deviation for each window is computed. The standard deviations are then
sorted and only the 80-90 % smallest values are used to calculate a mean standard deviation.
This mean standard deviation value is used as an indicator of noise.
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For non-homogeneous areas, again a small window (usually 3 × 3 pixels) is imperative in
order to capture small homogeneous areas in images and moved by a 3 pixel step. The
standard deviation is computed for each window. In order to analysis the noise dependency on
image intensity, the grey level range of the images is divided into bins, and the computed
standard deviations are assigned to a bin according the mean grey value of each window.
Then in each bin, the standard deviations are sorted; the noise is estimated as the mean value
of the 5% smallest standard deviations. For reliable noise estimation, the noise is estimated
for a bin only if the 5% is sufficiently large. One should note that the defined nonhomogeneous areas should not include large homogeneous areas, because they tend to bias
the results for the bin which they belong to.
This noise estimation method is quite general and could be applied to any type of image
(Baltsavias et al., 2001). With this method, the value of the image noise estimation itself,
which is expressed by the mean standard deviation, depends on the dynamic range (the scale
of tonality from darkest to brightest in an image) of the image. Normally, the noise estimation
of the low contrast images exhibits small values, but it does not mean the noise level is also
low, therefore, instead of using just the mean standard deviation values, we took the following
relative value ℜ as an indicator for the signal-to-noise ratio:
ℜ = (gmax - gmin) / σS
(4.2)
Where, σS denotes the noise estimation expressed by the mean standard deviation. gmax and
gmin is the maximum grey value and minimum grey value respectively; they are computed
from the whole image by excluding 0.5% pixels at the left and right sides of the image
histogram, so that the value (gmax - gmin) can be used to indicate the dynamic range of the
images. Thus, images with lower noise level should have a higher value of ℜ.
The results of applying this method to different SI images show the high consistency of this
noise analysis method. In Table 4-1 and 4-2, noise estimation using both homogeneous and
non-homogeneous areas are shown. From Table 4-1, SI-100 and SI-290 images have lower
noise level than the SI-250 images. This is probably due to larger ground pixel size (ca. 5.010 cm) of the investigated images. However, the 3.5 cm resolution SI-250 images have higher
noise, it is caused by the deficiency of the lens system and the very high ground resolution.
As expected, the blue channel of SI-250 image has the highest noise level. Table 4-2 shows
that the noise is intensity dependent being higher for the bins of low grey values than for the
high grey values. For more results of applying this noise analysis method to other linear array
image data, such as IKONOS and ADS40 systems, please refer to (Baltsavias, et al., 2001;
Pateraki and Baltsavias, 2002; 2003).

4.1.2 Post-flight Modulation Transfer Function (MTF) Analysis
The Modulation Transfer Function (MTF) is a fundamental imaging system design
specification and system quality metric often used in photogrammetry and remote sensing.
The MTF is defined as the normalized magnitude of the Fourier Transform of the Point
Spread Function (PSF) or Line Spread Function (LSF) of an imaging system and it is a
scientific means of evaluating the sharpness or spatial resolution performance of the
reconstructed images. It is important in both the initial specification and design of the system,
and in any subsequent detailed analysis of the images.
Although there were many procedures developed for measuring the MTF, such as the
sinusoidal input method, the high-contrast edge input method and the pulse input method
(Choi, 2002). However, for post-flight MTF analysis, methods such as the sinusoidal input
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method are impossible or not realistic. To circumvent this limitation, the high-contrast edge
input method was chosen in our works. High-contrast edges make useful targets for
evaluating spatial response, since they stimulate the imaging system at all spatial frequencies.
In principle, the edge spread function (ESF) is the system response to a high contrast edge,
and the ESF can be estimated by using the high-contrast edges across the image. Choi (2002)
employed this method for IKONOS on orbit MTF analysis. Kohm (2004) also used this
method to estimate the MTF for the high-resolution OrbView-3 imagery in both along- and
cross-scan directions. In their methods, both natural high-contrast edges and artificial edge
targets were used. Kohm (2004) pointed out that the performance of the natural edges, with
respect to the MTF analysis and estimation, are better than fixed artificial edge targets due to
the fact that the natural edges are usually longer or better-distributed across the whole image.
Following these approaches, we have developed a software package to measure the MTF for
linear array images. It works as follows: After the selection of some suitable straight edges in
the image with a graphics user-interface, the software first determines the positions of these
edges to sub-pixel accuracy by using the least squares template matching. Then, the edge
profile, which is centered at each edge pixel and has the direction perpendicular to the edge, is
interpolated with spline functions. All these profiles along the edge are averaged to obtain the
edge spread function (ESF). The main reason of applying the averaging process is to reduce
the effects of image noise. The averaging process also requires that the edges used for MTF
estimation must be long enough. The ESF is then differentiated to obtain the PSF. Finally the
PSF is Fourier-transformed and normalized to obtain the corresponding MTF. At this stage, in
order to obtain enough sample points in the resulting MTF, care must be taken in selecting the
number of data points along the computed ESF and the PSF with respect to the sampling rate.
In our implementation, the ESF profile contains at least 16 pixels and, before computing the
PSF, the ESF profile is over-sampled by interpolating 20 points between each two
neighboring actual ESF data points. Finally, after the Fourier transformation, the computed
MTF is scaled in the frequency axis in order to represent the calculated MTF in terms of the
Nyquist frequency of the image. A brief explanation of this method is shown in Figure 4-2. In
addition, the Full Width at Half Maximum (FWHM) value is also computed from the
estimated PSF by using the method proposed by Choi (2002).

Figure 4-2: Brief explanation of the high-contrast edge MTF estimation method
(courtesy Choi, 2002).
Although methods relying on high-contrast edges are excellent for analyzing MTF of the
operational imagery, the search for suitable targets can be a frustrating task. The suitable
edges should have desired contrast, size and distribution in the images (Welch, 1978). Firstly,
the edge targets should have good contrast in the image, however, the image intensity values
in both the bright and dark side of the edges should not be saturated. Secondly, The chosen
edges should not have too short or too long profiles. It requires that the edge profile should be
long enough for reliably estimating the ESF and then PSF; meanwhile, selecting edges that
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have too long profile may have more possibility to introduce image noise effects. In our
approach, we chose the edges that spread more than 16 pixels. Finally, one should note that
the edge orientation and its location in the images also influence the estimated MTF. For
example, edges oriented perpendicular to the flight direction may be degraded by image
motion or uncompensated vibrations such as the CCD line jitters and kappa jitters, while
edges at the image border may be modified by lens aberrations.

(a)

(b)

Figure 4-3: Natural edges (Zebra crossing) for SI image MTF analysis.
The chosen areas locate at the center (a) and the border (b) portion of the image and they
contain high-contrast edges that are parallel to both along-track and cross-track direction
In our experiments, we chose the high-contrast natural edges for SI image MTF analysis. The
selected natural edges can be building edges, road marks, Zebra crossings, and so on. In order
to perform the MTF analysis in both along-track and cross-track direction, the chosen edges
should be orientated as much parallel to the along- or cross-track direction as possible. In
addition, the edges should be distributed across the image so that they enable us to perform
MTF analysis at different portions of the image. For these purposes, the road marks and the
Zebra crossings are good ones because they usually contain enough and suitable high-contrast
edges and appear quite frequently in the images over suburban or urban areas. For example, to
perform the MTF analysis for SI-100 images, we selected two areas of road-crossing, which
are located at the image center and image border respectively (Figure 4-3). These two areas
appear in all three viewing (forward, nadir and backward) images. At each area, we chose 6-8
edges that are nearly parallel to the along- or cross-track direction.
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Table 4-3: MTF and FWHM estimates for the SI-100 image
Along-Track Direction

Cross-Track Direction

SI Image Channel

MTF at Nyquist

FWHM (Pixels)

MTF at Nyquist

FWHM (Pixels)

(Area)

± 1σ

± 1σ

± 1σ

± 1σ

Forward (Center)

0.035 ± 0.008

4.37 ± 0.31

0.066 ± 0.017

1.77 ± 0.10

Nadir (Center)

0.052 ± 0.014

2.02 ± 0.13

0.066 ± 0.026

2.01 ± 0.11

Backward (Center)

0.014 ± 0.003

4.99 ± 0.21

0.047 ± 0.021

2.08 ± 0.09

Forward (Border)

0.030 ± 0.010

3.88 ± 0.09

0.053 ± 0.023

2.38 ± 0.18

Nadir (Border)

0.049 ± 0.001

1.88 ± 0.02

0.058 ± 0.032

2.39 ± 0.09

Backward (Border)

0.014 ± 0.006

3.55 ± 0.02

0.061 ± 0.025

2.54 ± 0.26

The MTF of an imaging system is often specified by the MTF value at the Nyquist frequency.
After the MTF and the FWHM values are estimated for edges distributed in a certain area, for
example, the center part of the image, these estimations are combined into an average value
together with its standard deviation for the along- or cross-track direction, at the image center
or border respectively. The results for red channel of SI-100 images are listed in Table 4-3.
Some plots of the estimated MTF measurements, at the image center, for the along- and crosstrack directions are presented in Figure 4-4.
As can be seen from Table 4-3 and Figure 4-4, the MTF values at Nyquist frequency for
cross-track direction are somehow independent on the positions of the chosen edges, while
values for along-track direction are different at different positions and in different viewing
images. The results are summarized as follows:
(1) The MTF values at Nyquist frequency and the FWHM values for cross-track direction are
similar at the center and border parts of all three viewing images.
(2) At the same portion of the same viewing image, the MTF values for along-track direction
are always smaller than those for cross-track direction. However, the MTF values for both
directions are similar at the center part of the nadir-viewing image.
(3) In the same viewing image and for along-track direction, the MTF values at the image
center are larger than those at the image border.
(4) At the same portion of the images and for along-track direction, the MTF values for the
forward and backward viewing images are smaller than those for the nadir viewing
image. However, a surprising fact is that the MTF values for the backward viewing image
are smaller than those for the forward viewing image.
To understand the dependence of the estimated MTF values of different image channel and
different directions, the values are graphically shown on the focal plane in Figure 4-5. A
further test with SI-250 images shows similar results. All these results can also be proven by
visual inspection of the SI images, i.e. the image blur effect is more significant at the border
parts (Figure 3-2) and usually, the forward and backward viewing images suffer from more
blur effects than the nadir viewing image (Figure 3-1). The explanation of these phenomenon
mentioned above might be the following:
(1) The image unsharpness in along-track direction might be caused by both motion blur and
kappa jitter.
(2) The image blur in cross-track direction is mainly caused by CCD line jitter and it might
also be modified by lens aberrations.
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Figure 4-4: MTF estimates for red channel of SI-100 image (at center part of the image)
Left column: along-track MTF; right column: cross-track MTF (from top to bottom:
forward-, nadir- and backward-viewing image)
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Figure 4-5: The estimated MTF values at the Nyquist frequency are shown on the
focal plane of the SI system. The two axes of the small ellipse are scaled by the
MTF value in along-track and cross-track direction, respectively.

4.2 Adaptive Smoothing
There is a large number of image smoothing and noise reduction algorithms that have been
developed over the last few decades. Image smoothing is usually the first step of preprocessing that precedes image analysis tasks such as edge and feature detection, shape
recovery, and image segmentation. When there are several different regions separated by
edges, the edge-preserving ability is the most important property desired by image smoothing
algorithms. The quality of the processing results at the follow-up stages will deteriorate if
smoothing is performed without the consideration of edges, or will lead to distortions in
detected features, recovered shapes, segmented regions and so on. Adaptive or edgepreserving smoothing is thus necessary to reduce the noise in regions while preserving edges
between regions. It has been one of the most active research areas in image processing and
computer vision. Detailed overviews of the adaptive smoothing methods can be found in
Mastin, 1985, Abramson and Schowengerdt, 1993. Here we use an adaptive smoothing filter,
which was proposed by Saint-Marc et al. (1991), in order to smooth the images while
preserving discontinuities. In general, this adaptive smoothing filter is a non-linear filtering
scheme. It is actually a weighted average algorithm that turns out to be an implementation of
anisotropic diffusion. The method smoothes the image by repeatedly convolving the image
with a very small averaging mask (3 × 3 pixels) weighted by a measure of the image
continuity at each pixel. Feature extraction can be performed after a few iterations, and
features extracted from the smoothed images are correctly localized without any bias.
We summarize one iteration of this filter in an image I(x,y) as follows:
(1) Compute the gradients Gx(x,y) and Gy(x,y):

(4.3)
(2) Compute the continuity Coefficients w(x,y):
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(4.4)
(3) Perform weighted average to update I(n)(x,y):

(4.5)
Here n is the iteration step. As can be seen from equation (4.4), the weight function depends
on the image gradients Gx, Gy and a single parameter σ controlling the amplitude of the edges
to be preserved during the smoothing process. If σ is chosen to be large, all edges will
disappear, and the result is the same as the traditional average smoothing was used. If σ is
chosen to be small, then all the edges, including those caused by noise, are preserved and no
smoothing is performed. Parameter σ should be a simple function of the estimated noise
component σs, here we take it as 1.5-2.0 times of σs, because from the experiments, taking
these values produces satisfactory results.
Direct implementation of this algorithm needs an extremely large number of iterations to
converge. In order to achieve an edge-preserving smoothing result within reasonable
computational time, we used the multigrid implementation of this smoothing algorithm that
significantly reduces the computational costs. For details of this multigrid adaptive smoothing
method please refer to Saint-Marc et al., 1991.

(a)
(b)
Figure 4-6. Adaptive smoothing of the SI image:
(a) The original image; (b) the image after the adaptive smoothing with σ set to be 42.0.
To indicate the noise content, the original and smoothed images are enhanced by using the
Wallis filter with the same parameters
Figure 4-6 illustrates the application of the algorithm on one SI image. Figure 4-6(a) shows
the original image; Figure 4-6(b) shows the results after adaptive smoothing with σ set to be
42.0 (2.0 times of σs). To indicate the noise content, the original and the smoothed images are
both enhanced by a Wallis filter with the same parameters. The strip-like noise can be seen
clearly in the original image, however, after the adaptive smoothing, the original image is
smoothed while important edges are preserved.
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4.3 Wallis Filter
The purpose of the Wallis filter is to force the mean and especially the contrast of an image to
fit to some given values. Since this image mean and contrast forcing procedure is done
locally, the Wallis filter are particularly useful because there are very often locally grey level
differences within the images. In case of the SI image, the mean and contrast on the border
parts is much lower than those on the middle part of the image due to the limitation of the lens
system used for image acquisition. Image areas with sun and shadow have big differences in
the dynamic range, and detailed information is weakly seen in the shadow areas. Baltsavias
(1991) used this filter to enhance the image texture patterns and avoid to introducing
radiometric correction parameters in the Multiphoto Geometrically Constrained Matching
(MPGC) algorithm. The general form of the Wallis filter is given by:
(4.6)
In equation (4.6), gW(x,y) and g(x,y) are filtered and original images respectively. r0 and r1 are
the additive and multiplicative parameter respectively. mg and sg are the mean and standard
deviation values for the original images; mf and sf are the target values for the mean and
standard deviation. c is the contrast expansion constant and b is brightness forcing constant.
In our approach, the Wallis filter was implemented as follows: Firstly, the images were
divided into rectangular regions with certain size. These regions are fit exactly to each other.
The size of these regions should have the similar size of the objects that will be enhanced by
the filtering, but very small values like 5 × 5 or 7 × 7 should avoid because it may cause the
strongly enhancement of small and unimportant features; in feature extraction and matching
stages, enhancement of these small and unimportant features will certainly result in broken
edges and higher computational costs. Through the experiments with several SI images, the
size of 31 × 31 pixels is an optimal value and was used as a fix value in our procedure. In case
of high-resolution space-borne linear array images like IKONOS, the size of 21 × 21 pixels
was used. Secondly, within each region the mean and standard deviation of the gray levels
were computed. The target values for the mean and the standard deviation were set to be
2048.0 and 600.0 - 850.0 respectively. The latter value should depend on the standard
deviation of each region. From the original and target mean and standard deviation values of
each region, the additive and multiplicative parameters of the Wallis filter were computed for
each region. The brightness forcing and contrast expansion constants took the value 0.6 and
0.75 respectively in order to reduce the saturation effects.
Table 4-4 shows the noise estimation after various pre-processing steps. The adaptive
smoothing method reduces noise from 19.7-45.5 to 3.4-14 grey levels, i.e. ca. by factor 4.
With the Wallis filter, the image contrast and the image noise are both enhanced. However,
since the noise has been reduced with the adaptive smoothing filter, the noise level still
remains under or similar to the noise level of the original images for the corresponding bins,
however, with better image quality. Furthermore, since the Wallis filter is applied to all the
images using the same parameters, the naturally occurring brightness and contrast differences
are compensated. Thus the requirement for image radiometric correction in image matching
procedures is not necessary anymore. The estimated MTF and FWHM values for the preprocessed SI images are also shown in Figure 4-7 and Table 4-5. As can be seen from these
results, the pre-processing procedure provides a modest boost in image sharpness.
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Table 4-4: Noise estimation (mean standard deviation) of pre-processed SI-290
Yoriicho triplet images using non-homogeneous areas. Processing types are:
(0) … the original image, (1) ... after noise reduction with the adaptive smoothing
filter, (2) … processed with the adaptive smoothing filter and the Wallis filter.
The noise analysis was performed with a 3 × 3 mask size and an image grid with 3
× 3 spacing.
Channel
Processing Type
0-255
256-511
512-767
768-1023
1024-1279
Mean
1279-1535
standard
1536-1791
deviation
1792-2047
σ ’S
2048-2303
for each
2304-2559
grey level
2560-2815
bin
2816-3071
3072-3327
3328-3583
3584-3839
3840-4095

(0)
33.0
27.6
19.7
20.1
21.1
21.8
21.4
21.1
20.5
21.1
21.1
20.5
20.4
20.4
21.9

FR
(1)

(2)

12.0
7.2
3.8
4.2
4.9
5.2
4.6
3.4
4.4
4.8
5.6
5.3
4.7
4.8

24.0
22.2
21.1
21.1
19.9
14.5
12.4
13.9
14.9
14.2
13.6
12.8
14.8
16.9

(0)

32.7
30.0
26.4
25.6
24.7
23.7
21.7
20.6
20.1
20.2
20.3
20.8
20.5
19.0

NR
(1)

14.0
10.7
7.8
7.7
7.0
5.5
4.7
4.8
5.2
5.2
6.2
6.1

(2)
35.6
32.4
31.2
29.4
23.1
17.2
14.8
15.7
13.1
12.8
15.4
16.2
13.4
20.7

(0)
42.5
37.5
35.1
31.9
31.5
31.2
29.2
28.5
26.5
27.3
27.1
26.1
25.0
24.8

BR
(1)

(2)

10.0
9.3
7.8
7.8
7.2
6.0
6.5
5.8
6.6
6.3
6.8
6.7
6.8
6.4

45.5
46.0
45.8
45.0
42.7
39.4
34.1
26.2
22.5
24.4
23.1
22.6
22.6
23.3

Finally, a reduction to 8-bit imagery, which is optimal for general-purpose computer
processing such as the feature extraction and image matching, by histogram equalization was
performed. The histogram equalization is used in our case, since this method preserves more
grey values that are more frequently occurring. The method is an iterative method with the
aim being to occupy all 8 bits with similar frequencies.
Table 4-5: MTF and FWHM estimates for the pre-processed SI-100 image
Edges in Along-Track Direction
SI Image Channel

MTF at Nyquist

FWHM (Pixels)

Edges in Cross-Track Direction
MTF at Nyquist

FWHM (Pixels)

(Area)

± 1σ

± 1σ

± 1σ

± 1σ

Forward (Center)

0.096 ± 0.046

1.72 ± 0.12

0.183 ± 0.034

1.52 ± 0.10

Nadir (Center)

0.178 ± 0.022

1.48 ± 0.17

0.178 ± 0.041

1.70 ± 0.31

Backward (Center)

0.074 ± 0.037

2.15 ± 0.22

0.182 ± 0.041

1.57 ± 0.11

In Figure 4-8, two examples are given from the SI-100 images with 5.7 cm ground resolution.
For comparison, the images in the left column are processed with traditional linear image
contrast stretching method and the images in the right column are processed with our
proposed method. It can be seen that even in the shadow and strongly saturated areas the
texture patterns can be enhanced and “appear” in the pre-processed images. In the first row of
Figure 4-8, the upper-right roof of a house seems to be “homogeneous” due to the effect of
saturation, but after the pre-processing, useful texture information “appears” and it will
certainly result in an improvement for image matching. Similar results can also be seen in the
shadow area around the sport stadium, which is shown in the second row of Figure 4-8. In
Figure 4-9, another example of applying the pre-processing method to 1-meter resolution
IKONOS image is shown. Detailed information, such as the road networks and small clusters
of houses in the large shadow areas, which are caused by non-optimal sensor and sun
elevation angles (ca. 19°), are also enhanced and well suitable for further processing.
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Figure 4-7: MTF estimates for the pre-processed SI-100 image (at center part of the image)
Left column: along-track MTF; right column: cross-track MTF (from top to bottom:
forward-, nadir- and backward-viewing image)
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Figure 4-8: Two examples of pre-processed SI images. Even in the shadow and strongly
saturated areas (left column) useful texture patterns can be enhanced and “appear” in the
pre-processed images (right column).

Figure 4-9: Pre-processed IKONOS image. Detailed information, like the road networks
and small clusters of houses in the large shadow areas (left) are enhanced and “appear” in
the resulting image (right).
In Figure 4-10(a), edges (shown in green color) are detected from the enhanced image with
the Wallis filter only, while in Figure 4-10(b) edges are extracted from the image after
applying the proposed pre-processing method. For the purpose of edge extraction, we used the
Canny operator and the same parameters are applied to both processed images (for details
please see section 5.2.2). It can be seen that the image textures are enhanced and at the same
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time the image noise is smoothed out by our proposed pre-processing method. Thus, a certain
number of edges due to image noise are excluded, while the quality of the edges
corresponding to useful image features is improved.

Figure 4-10: Edge extraction results.
(a) Image processed by Wallis filter only and the extracted edges;
(b) Image processed by our pre-processing method and the extracted edges

4.4.

Image Pyramid Generation

The idea of an image pyramid is that of a multi-resolution representation of the image. The
sampling theorem serves for the theoretic basis of the image pyramid generating procedure.
The 0th or base level I0 is the image at the original resolution. An image at level Ii+1 is created
from image Ii, the one at the next lower level, by two steps (Ackermann and Hahn, 1991):
The first step is to smooth the image Ii with a generating kernel (low-pass filter), e.g. the
Gaussian kernel (Gauss(.)) of a scale parameter σ to eliminate the high frequency
components, that is,
I’i+1 = Ii * Gauss(σ)
(4.7)
According to Nyquist theorem, if all frequencies in the smoothed image are lower than half
the highest frequency, the sampling spacing to represent the smoothed image could be
doubled without loss of information. Thus the second step is then a resampling of the
smoothed image in accordance with the coarsening of the spatial resolution (expressed by the
resolution decimation step η).
(4.8)
I’i+1 → Ii+1 with η
Image pyramids combine the advantages of both high and low resolutions of digital images
without increasing the demand for disk space too much; even with the smallest possible
reduction factor η=2, the amount of data storage is only increased by 30%. The lower levels
of an image pyramid provide detailed information, but a great amount of data, whereas the
higher levels contain less information but give an overview and require a smaller amount of
data.
In digital photogrammetry, the feature extraction is normally applied to all levels of the image
pyramid, and the features extracted from the same level of the image pyramids represent a
level of the feature pyramid. In this sense, these feature pyramids can be seen as a hierarchical
representation of the digital image on a symbolic level.
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In the context of image matching, image pyramids are used for coarse-to-fine hierarchical
methods. Nowadays, many if not most matching algorithms are based on image pyramids.
With coarse-to-fine hierarchical strategy based on image pyramid representation, matches
obtained at a coarse resolution are used to guide and limit the search space for the matching of
finer-resolution features. In this strategy, the usual way is to start matching at a low resolution
pyramid level, where the influence of image noise is reduced and coarse approximate values
are sufficient to stay within the pull-in range of the matching procedure. In addition, in the
low resolution images, the regions of interest for correspondence analysis in levels of higher
resolution can be found at low cost because irrelevant details are no longer available there.
The computations are usually performed successively on each level of the hierarchy using the
results of the higher level as approximate information (Ackermann and Hahn, 1991).
Basically there are three factors that will affect the image pyramid generation procedure: (a)
the number of pyramid levels, (b) the resolution decimation step and (c) the generating kernel.
The influences of these factors and practical aspects of image pyramid generation can be
found in Baltsavias, 1991.
After image pre-processing the image pyramid is generated starting from the original
resolution images. Each pyramid level is generated by multiplying a generating kernel and
reduces the resolution by factor 3. For the generating kernel, we choose the 3 × 3 or 7 × 7
optimal generating kernel. They can be seen as the approximation of the ideal Gaussian
kernel. Obviously the latter one has better performance but with higher computational costs.
For the very high resolution and huge volume SI images, the 3 × 3 optimal generating kernel
is used. However, the 7 × 7 optimal generating kernel is used for the space-borne linear array
images. The pyramid level number is a pre-defined value that is either a user-input or can be
determined according to the height range of the imaging area. By default, we set this number
to be 4 (including the base level).
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Chapter 5: Multiple Primitive Multi-Image Matching
This chapter gives a detailed description of the Multiple Primitive Multi-Image (MPM)
Matching approach. It is the core of our matching approach for accurate and robust DSM
reconstruction. Results from this approach can be used as approximations for the refined
matching procedure or directly for DSM generation in cases of time-constrained applications.
In the MPM approach, the matching is performed with the aid of multiple images (two or
more), incorporating multiple matching primitives – feature points, grid points and edges,
integrating local and global image information and, utilizing a coarse-to-fine hierarchical
matching strategy.
In the following, we will first give an overview of the MPM matching approach. Then the
point extraction and matching procedure will be described in 5.2. The principle and
performance of the GC3 algorithm will also be described in details in this section. The edge
extraction and matching procedure, the relational matching procedure will be described
respectively in 5.3 and 5.4, respectively. Finally in 5.5, the coarse-to-fine matching strategy
and some considerations will be explained. In each section, some intermediate experimental
results for each component of the MPM matching approach will also be presented.

5.1. Overview of the MPM Matching Approach
The MPM approach consists mainly of 3 integrated subsystems: the point extraction and
matching procedure, the edge extraction and matching procedure and, the relational matching
procedure (Figure 5-1). These 3 subsystems are followed through the image pyramid
(hierarchical) and the results at higher levels of the image pyramids are used for guidance at
the lower levels. Thus, the matches of three kinds of primitives, i.e. feature points, grid points
and edges, on the original resolution image are finally achieved progressively starting from
the low-density features on the images with the low resolution. An intermediate DSM is
reconstructed from the matched features at each pyramid level by using the constrained
Delauney triangulation technique (the constraints refer to the use of edges in the Delaunay
triangulation. All edges are constrained to be sides of triangles. Mass points are introduced in
the triangulation so that the vertices of triangles will always be points), which in turn is used
in the subsequent pyramid level for the approximations and the matching parameter selftuning.
At each pyramid level, the correspondence is established in two matching stages – locally and
globally. The local matching stage includes two mutually related procedures: the point
matching procedure and the edge matching procedure. The Geometrically Constrained CrossCorrelation (GC3) algorithm is employed to provide matching candidates for points and edge
pixels. The GC3 algorithm implicitly integrates the epipolar geometry constraint for restricting
the search space and has the ability to solve the problems caused by repetitive structures and
occlusions to a certain extend. These two procedures can be seen as mutually compensate
procedures. Firstly, the point matching procedure is suitable for the generation of dense and
accurate surface models but suffers from problems caused by image noise, occlusions and
discontinuities, while the edge matching procedure generates coarse but stable results since
edges (approximated by connected straight edge segments) have higher semantic information
and they are more tolerant to image noise. Secondly, the edge matching as well as feature
point matching procedure usually fails to yield results for image regions of poor or even no
textures; while the matched grid points can provide reasonable results to bridge over these
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regions. Meanwhile, the point matching procedure and the edge matching procedure are
mutually connected in terms of providing approximations and performing local consistency
checking for eliminating mismatches. The global matching stage is responsible for imposing
global consistency among the candidate matches in order to disambiguate the multiple
candidates and avoid mismatches. The global matching is resolved by a probability relaxation
based relational matching method and uses the local support provided by points within a 2D
neighborhood in the object space. This corresponds to imposing a piecewise smoothness
constraint, in which the matched edges serve as breaklines in order to prohibit the smoothness
constraint crossing these edges.

Figure 5-1: Overview of the Multiple Primitive Multi-Image matching (MPM) procedure.
It employs a hierarchical strategy and consists of a local matching stage (point and edge
matching subsystems) followed by a relaxation based relational matching.

5.2. Point Extraction and Matching
Digital surface models (DSMs) make use of a large number of sampled points, together with
breaklines that represent the surface discontinuities, to represent the terrain surface in a digital
form. DSMs also depict the elevations of the top (reflective) surface of buildings, trees,
towers, and other features elevated above the bare earth. The quality of the resulting DSMs
mainly depends on the measurement accuracy and the optimality selection of the points and
breaklines. DSMs can be produced with the techniques such as the photogrammetry (manual,
automatic or hybrid methods), the interferometric synthetic aperture radar (IFSAR), the
topographic LIDAR and so on (Maune, 2001). Photogrammetric methods allow DSM data to
be collected from images acquired by aircraft and satellite. Nowadays, image matching
techniques have been employed to collect the points automatically for DSM generation. The
time required for collecting a very large number of points are relatively short owing to the
remarkable progress of the image matching techniques both in photogrammetry and computer
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vision community. Additionally, with the least squares matching algorithms, the points can be
matched potentially with sub-pixel accuracy.
However, to generate dense, precise and reliable 3D point clouds from image sources is a
difficult task. Firstly, dense patterns of points, including randomly distributed feature points,
regularly distributed grid points, have to be extracted. Then the correspondences for these
points are found by using the image matching techniques. These two stages are related to each
other in the sense that the point extraction must be performed carefully so that the second
stage is easy, not sensitive to errors and noise (Baltsavias, 1991). Feature points are usually
extracted by some kinds of local “interest” operators. Image windows around feature points
normally contain sufficient image intensity variations to produce precise and reliable
matching. There have no feature point in image areas of poor or even no textures. Therefore,
the combination of feature points and grid points is necessary since the grid points can be
used to fill these gaps. Compared to the feature points, the choice of grid points is blind and
consequently many grid points may locate in areas of poor or no textures. The search for the
match of a given grid point has more possibility to yield ambiguity. Therefore, the matching
procedure has to integrate more global information rather than just local information. The
combination of feature points and grid points draws a compromise between the optimality for
precise, reliable matching and the optimality for point distribution.
Given a point in one image, its correspondence point in other images can be determined by
using the area-based matching (ABM) algorithm. We have developed a unique and flexible
algorithm – Geometrically Constrained Cross-Correlation (GC3). The GC3 procedure is based
on the concept of multi-image matching guided from the object space, therefore any number
of images can be matched simultaneously and the epipolar constraint is integrated implicitly.
Together with an adaptive correlation parameter determination approach, it has the ability to
dramatically reduce the problems caused by surface discontinuities, occlusions and repetitive
structures and produce dense and reliable point matching results.
In the following, we will first give a review of the previous work on feature point extraction
and area-based matching (ABM) in section 5.2.1, then our methods for feature point
extraction and GC3 method for point matching will be described in section 5.2.2 and 5.2.3
respectively. In section 5.2.4, the considerations for grid point and feature point matching will
be described.

5.2.1 Review of Related Works
A considerable amount of efforts have exerted to cope with the topics of feature point
extraction and ABM, and they have made a remarkable progress in the last decades. Here we
will not cover all of them due to the very large number of publications both in
photogrammetry and computer vision communities, but only those having lent strong support
and influence to our research work. It should be mentioned that the algorithms are not strictly
classified.

5.2.1.1 Feature Point Extraction
Local operators, often called “interest” operators, are usually employed to extract the feature
points. The goodness criteria for selecting feature points is based on certain attributes such as
high grey level variance, steep auto-correlation function, or linear combination of these
attributes. Normally the attributes are computed within a small image window, in selected or
all directions, and then they are compared to a predefined threshold value to decide whether a
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point could be treated as a feature point or not. The density and distribution of the extracted
feature points strongly depends on the threshold values. In order to create a uniform
distribution of the points, a useful method is to sort the points by their attributes and choose
the n best ones. Very often, in order to avoid the clustering of the extracted feature points in
well-textured image areas, a thin-out window has to be used for suppressing the local nonmaxim.
Moravec (1979) proposed an interest operator. It computes the local maxima of a directional
variance measure over a 4 or 8 neighboring pixels around a point. The sum of squares of
differences of adjacent pixels is computed along all four directions (horizontal, vertical, and
two diagonals), and the minimum sum is chosen as the value returned by the operator and
serves as the interest value. The position of the local maximum of these interest values is then
chosen as a feature point. Hannah (1980) has modified this operator in order to consider ratios
of the variances in the four directions, as well as ordinary image intensity variance over large
areas, and this modified operator seems to locate a better selection of both strong and subtle
features.
The Foerstner operator (Foerstner, 1986) has been widely used to extract points suitable for
least squares matching. The operator evaluates the local curvature in a window. It takes as
parameters the window size, a weight threshold, and a roundness threshold. It can be used to
extract corners, junctions as well as the center of circles and points of high curvature gradient.
Lü (1988) developed a simple operator based on the grey level differences with the 4
neighbors of each pixel and reduces the number of points by selecting only the point with the
maximum sum of absolute differences from its eight neighbors within a thin-out window.
In the development of the Multiphoto Geometrically Constrained matching (MPGC)
algorithm, Baltsavias (1991) also developed an interest operator. It has been used to detect
points along edges that have direction vertical to the direction of the geometric constraint
lines. These points were considered as good points because they could be precisely located
and correlated with the geometric constraints.

5.2.1.2 Area-Based Matching Techniques
It is well known that ABM has a high accuracy potential in well-textured image regions and it
can be used to produce very dense matching results. However, ABM typically implies a
strong continuity assumption and therefore is not suitable for areas containing surface
discontinuities, occlusions and multiple solutions. Also, ABM is sensitive to variations in
absolute intensity, contrast, illumination and image noise. The epipolar geometric constraint
leads to 1-D search and results in reduced computational cost and higher matching reliability.
Generally, the performance and success rate of ABM mainly depends on the existence of
decent image texture, the quality of the approximations and, a set of matching parameters
such as the correlation window size, the search distance and the acceptance threshold for the
correlation coefficient. Normally the requirements of these parameters are conflicting. These
matching parameters should be functions of many factors such as terrain type, image texture,
image scale, disparity variations, and image noise. For example, the size of the correlation
window must be large enough to include enough intensity variation for reliable matching but
small enough to avoid the effects of projective distortion (Barnard and Fischler, 1982). A
quite similar situation happens in determining the search distance. A large search distance
will introduce more possibilities of multiple matching candidates and on the other hand, a
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small search distance may not even contain the correct match. Therefore, how to select a set
of correct matching parameters is normally problematic.
Due to the need for dense digital surface model generation for a variety of applications, and
also due to many improvements of ABM methods, in terms of efficiency and reliability,
interests in ABM have again gained more attentions in the last decade. In the following, we
will address of these improvements.
• Considering the geometric and radiometric differences between correlation
windows
One problem with similarity measures (used by ABM) is the form of the window which
usually is chosen to be square or circular and which in general is not invariant with respect to
scale differences or even shears. Possibly different size and shape of the correspondence
windows in the reference and search images, due to the terrain relief, the perspective
distortion, the rotation and dilation caused by the different position and orientation of the
cameras, make the correlation windows used in ABM approaches are often not dull
correlated.
Gruen (1985), Gruen and Baltsavias (1988) developed the Multiphoto Geometrically
Constrained matching (MPGC) algorithm and it is an extension of the original least squared
matching (Ackermann, 1984). The method is basically an ABM method establishing a fit
between small image patches by an affine geometric transformation and a two-parameter
linear radiometric transformation. It compensates the distortions caused by the imaging
geometry and terrain relief and relaxes the strict geometric and radiometric assumptions for
the normal cross-correlation methods. The MPGC considerably improves the original LSM
by using two new elements: (i) the exploitation of any a priori known geometric information
to constrain the solution and (ii) the simultaneous use of any number of images. However,
MPGC suffers from small pull-in range and it requires relatively good approximations. Many
algorithms and strategies have been developed in order to increase the pull-in range, but still,
quite good approximations are very often necessary for the least squares matching and the
MPGC approach.
Schenk et al. (1990) proposed a hierarchical approach to reconstruct a surface based on
matching with iteratively rectified imagery. By using this method the distortions caused by
perspective projection are successively reduced with the iteratively refined DSMs. However,
this method may not be suitable for large-scale images of suburban or urban areas.
Fua (1997) proposed a uniform matching approach for truly 3D surface reconstruction.
Instead of using least squares matching, a cost function, including terms of radiometric
similarity and shape from shading, is optimized. Multiple images can be matched
simultaneously. In his method, a three dimensional triangular mesh or lately circular disks is
used to represent the 3D surface in object space. The radiometric similarity is computed
among non-rectangular image windows determined by the triangular in object space and the
orientation parameters of the images. Again, the differences caused by the perspective
projection and the terrain relief in different images are compensated.
• Adaptive determining the matching parameters
Panton (1978) developed a flexible algorithm to meet the changing requirements for
generating terrain data from digital stereo images. In his implementation, points in a regularly
spaced grid in the left image are matched to points in the right image. Matching is
accomplished by searching along the corresponding epipolar line in the right image for a
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maximum similarity score for a correlation patch. The patch is warped to account for
predicted terrain relief that estimated from previous matches. The algorithm is adaptive and
can handle various types of sensors and natural terrain conditions. He argued that the
parameters for image correlation should be altered to adapt the system to sensor and terrain
variations. These parameters include grid size, image patch size and shape, number of
correlation sites along the search segment, and reliability thresholds for the correlation
coefficient, standard deviation and slope of the correlation function. The algorithm was also
implemented on a distributive network of parallel digital processors. The proposed method
provides matches for a regularly spaced grid in the left image and it is more suitable for
small- and perhaps middle-scale images.
Kanade and Okutomi (1994) presented a method to select an appropriate window by
evaluating the local variation of the intensity and the disparity. They employed a statistical
model of the disparity distribution within the window and this modeling enables us to access
how disparity variation, as well as intensity variation, within a window affects the uncertainty
of disparity estimate at the center point of a window. As a result, they developed a method
that searches for a window that produces the estimate of disparity with the least uncertainty
for each pixel of an image in an iterative stereo matching algorithm. The method controls not
only the size but also the shape of the window. The main drawbacks, according to our
implementation and experiments (may not be extensive and complete), lie in that firstly it
needs good approximations and secondly, the computational cost is very high.
Lotti and Giraudon (1994) indicated the weakness of the method proposed by Kanade and
Okutomi (1994) and presented an improved matching approach that can be used for extraction
of dense surface models from aerial stereo images of urban areas. The approach consists of
mainly three steps: first, the window size for each pixel, which is constrained by an edge map
extracted from images, is computed, then a disparity map is created and third, the disparity
map completion is performed and a final dense disparity map with sub-pixel precision is
produced by Kanade’s method.
Zhang and Miller (1997) presented a new Adaptive Automatic Terrain Extraction (AATE)
system which uses an inference engine to generate a set of image correlation parameters. The
image correlation parameters include the correlation window size, the search distance and the
threshold for cross-correlation coefficient. In addition, AATE can exploit multiple images and
multiple bands, and it contains improved methods for correcting image noise and residual yparallaxes. The experimental results show a better performance compared to the original nonadaptive ATE.
• Matching with multiple images
It is well known that the multi-image matching approach leads to a reduction of problems
caused by occlusions, multiple solutions, and surface discontinuities and higher measurement
accuracy through the intersection of more than two imaging rays.
Okutomi and Kanade (1993) presented a stereo matching method that uses multiple stereo
pairs with different baselines generated by a lateral displacement of a camera. In this method,
matching is performed by computing the sum of squared difference (SSD) values. The SSD
functions for individual stereo pairs are represented with respect to the inverse distance rather
than the disparity, as is usually done, and are then added to produce the sum of SSD’s. They
called this function the SSSD-in-inverse-distance. The SSSD-in-inverse-distance exhibits an
unambiguous and sharper minimum at the correct matching position. The key idea of the
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method is to relate SSD values to the inverse distance rather than the disparity. Whereas
disparity is a function of the baseline, there is only one correct (inverse) distance for each
pixel position for all of the stereo pairs. Therefore there must be a single minimum for the
SSD values when they are summed and plotted with respect to the inverse distance. They
have also shown the advantage of this method in removing ambiguity and improving
precision by experimental results. Based on this method, Kanade et al. (1996) developed a
video-rate stereo machine that has the capability of generating a dense surface model at video
rate.
Ku et al. (2001) extend the method proposed by Okutomi and Kanade (1993) by integrating
the general multiple stereo images captured with cameras in different positions and with
different orientations. By using the proposed method, they not only reduce the ambiguities in
correspondence, but also improve the accuracy of the surface reconstruction. Also, they
introduce a weighting factor for each SSD function of each stereo pair and select only reliable
ones. By doing like this, they could improve the accuracy greatly and eliminate false matches
caused by occlusion or noise.
There have been many other stereo matching methods that use multiple images taken by
cameras that are arranged along a line (Mulligan, 2002), in the form of a triangle (Yachida et
al., 1986; Peitikaeinen and Harwood, 1986; Dhond and Aggrawal, 1989) (Also called
trinocular stereo) or in the form of other combinations (Tao, 2000; Maas, 1996; Maas and
Kersten, 1997). However, most of these methods decide matching candidate points for
correspondence in each individual image pair and then search for the correct combinations of
correspondences among them, using the geometrical consistencies they must satisfy. Since
these method work in a sequential mode and the intermediate decisions on correspondences
are inherently noisy, ambiguous, and multiple. Therefore, finding the correct combinations
requires sophisticated consistency checking or filtering.

5.2.2 Feature Point Extraction
Our point matching process starts with the selection of a set of well-distributed feature points
in the reference image, such that the image windows around these points contain sufficient
texture information to produce a precise and reliable match. In general, the performance and
success rate of ABM strongly depend on the image texture information. Point-like features of
high image intensity gradient such as round points, center of circles and rings, junctions and
orthogonal corners are considered as being suitable for precise matching. Additionally,
because of the usage of the epipolar constraints, points lying along edges which are vertical to
the epipolar lines (or curves), are also good feature points for matching. In the case of more
than two images are used and the images are taken at non-coplanar positions (unfortunately a
single strip of SI images do not belong to this situation), points that lie along any edges can be
considered as good features for matching.
In our approach, the Lü (Lü, 1988) operator is used for the extraction of the feature points.
The Lü operator has two versions: The first version (Lü-V1) is a simple operator based on the
grey level differences with the 4 neighbors of each pixel (point selected if at least two of them
exceed a threshold) and reduces the number of points by selecting within a thin-out window
only the point with the maximum sum of absolute differences from its eight neighbors. The
interest value is defined as the sum of absolute grey level differences from its eight neighbors.
The second version (Lü-V2) can be considered as a simplified version of the Förstner
operator (Förstner, 1986). It depends only one threshold value Tq, which q is the so-called
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roundness of the Förstner operator and its value should be set as 0.32-0.5. Compared to the
original Förstner operator the computational cost is reduced and the threshold for the interest
values is easily to be defined. Other advantages of the Förstner operator, such as those
detecting points which promise precise correspondence determination and finding corners,
junctions as well as the center of circles and points of high curvature gradient, are still
preserved. The Lü operator is used to extract point-like features in our approach. The
procedure for the determination of feature points works as follows:
Firstly, one of the images is chosen as the reference image. Usually the nadir-viewing SI
image or image that is close to the nadir viewing direction is selected as reference image
because these images usually suffer from less occlusions. Then, the feature points are
extracted only in the reference image by using the second version of the Lü operator (Lü-V2).
Since the number of detected points can be very high and the detected points can be neighbors
in well-textured image areas, the reference image is divided into non-overlapping small image
windows and in each small window, only one best point is chosen as feature point. Best is the
point with the highest interest value. The small image window can be considered as thin-out
window. By setting the size of the thin-out window the density of extracted feature points can
be controlled.
To speed up the processing, a 3 × 3 window is passed over the reference image. Within this
window, the grey value variance of the window (standard deviation of the image intensities)
is evaluated. Pixels are selected for the further processing only if the grey value variance
exceeds a pre-defined threshold value Tdg. This threshold as well as Tq for the roundness is the
only 2 thresholds have to be pre-determined. In our implementation, we set Tq to be 0.5 and
Tdg to be 9.0. These thresholds are chosen because we want to extract point-like features,
junctions and orthogonal corners. In addition, relatively low threshold values make the
distribution of the collected feature points as uniform as possible. Finally, the pixel
coordinates of the extracted points, together with their interest values (the roundness) are
recorded.
In order to provide good approximations for the subsequent edge matching procedure (see
section 5.3), the dominant points of the edges are also considered as feature points. After
extracting the edges by using the Canny operator, the dominant points were computed
through a polygon approximation algorithm (see 5.3.2 for details). Additionally, some edge
points, which are evenly distributed along long edges, were also chosen as feature points, the
condition is that these edges must not be parallel to the epipolar line(s). The direction of the
epipolar line(s) can be pre-computed for the image(s) by using the known orientation
parameters. The absolute difference of the directions between the edge and the epipolar line
must not be below 30 degrees. In case of single strip of SI images, the direction of the
epipolar line can be approximately considered being the same as the flight direction.
After all these points are collected in the reference image, they have to be classified into
mainly two categories, (a) the point-like features extracted by the Lü operator and the
dominant points along the edges, and (b) edge points. These two types of points will be
correlated with different matching parameters and strategies.
In our experiments we found that the Lü operator is somehow sensitive to image noise. This is
due to the reason that the operator uses a small image window (3 × 3 or 5 × 5 pixels). The
images have to be pre-processed in order to reduce the noise. The pre-processed images (with
an adaptive smoothing and the Wallis filter) are used for the feature point extraction, so that
the possibility of detection of feature points, which are due to image noise, is reduced. Weak
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texture patterns are also strongly enhanced, so that it also promises the extracted points are
dense enough and distributed as uniform as possible.
The point extraction procedure has been integrated with the image pyramids. From the
experiments with the large scale SI images, we observed that it is better not to extract the
feature point in the original images due to existence of noise even after the pre-processing
procedure. Therefore we proposed to extract the features in each level of the image pyramid
individually and stop the procedure in the first level of the image pyramid. Feature points in
the 0th level (the original image) were those directly projected from the first level. By doing
this, the risk of choosing feature points due to existence of image noise is further reduced.
Another advantage is that the matching in the first level of image pyramid provides quite
good approximations for the matching in the 0th level. Searching of the correspondences in the
original images can be limited to a small range, thus reduces both the computational costs and
the possibility of mismatching. Here we should mention that the size of the thin-out window
is defined with respect to the original image, therefore the size of less than 9 pixels are not
allowed.
In summary, we extracted the feature points that are suitable for the future matching
procedure. The main characteristics of our approach are listed as:
• It uses the Lü operator to extract very dense patterns of feature points that are as uniform
as possible distributed over the reference image. It creates redundancy in terms of number
of points and has good chances to represent well the terrain surface. Additionally, it permits
relatively precise and reliable matching for these points.
• The extracted feature points consist of point-like features and edge points along edges.
For these different types of points, different matching strategies and parameters will be
used.
• The density of the extracted feature points can be controlled by setting the size of the
thin-out window.

5.2.3 Geometrically Constrained Cross-Correlation (GC3)
The essence of the point matching is, given a point in the reference image, to find in other
images the corresponding point such that these corresponding points are projections of the
same physical point in object space. In order to calculate the correspondences for a given
point in the reference image, we developed an area-based matching algorithm – the
Geometrically Constrained Cross-Correlation (GC3). With the GC3 matching procedure,
multiple images can be matched simultaneously and the epipolar constraint is integrated
implicitly. In this method, one of the images is chosen as the reference image and others serve
as the search images. The normalized cross-correlation (NCC) is used as the similarity
measure between the image windows in the reference and one of the search images.
Compared to the traditional cross-correlation method, NCC in the GC3 algorithm is computed
with respect to the height value in object space rather than the disparity in image space, so
that the NCC functions of all individual stereo image pairs can be integrated in a single
framework. The pre-condition for the GC3 algorithm is that the sensor model and image
orientation parameters, which express the relationship between the pixel coordinates and the
object coordinates, have to be known.
Now, consider an image triplet acquired by a linear array imaging system, as being shown in
Figure 5-2. The nadir-viewing image is chosen as the reference image and denoted as I0, the
other two images are search images and denoted as Ii, i=1,2. In this case, we have two stereo
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pairs, that is, the pair I0-I1 and I0-I2. It is assumed that the orientation parameters for these
three images are known or have been already computed by a triangulation procedure. For a
given point p0 in the reference image, we can establish the image ray Cp0 (here C denotes the
instant perspective center related to point p0) on which the position of p0 in object space
should lie with the known image orientation parameters (for the sensor model of linear array
images please refer to section 2.3). By intersecting the image ray Cp0 with the plane defined
by a given approximated height Z0, we obtain P0 (X0, Y0, Z0) in object space. Since the
approximate height Z0 may not accurate and have a certain error ∆Z, the correct position of p0
in object space should lie between Pmin and Pmax, with height values of Z0-∆Z and Z0+∆Z
respectively, along the image ray Cp0. If we back-project the points between Pmin and Pmax
onto the search images, the corresponding segments of the epipolar lines (or to be more
precise the epipolar curves, but in the first approximation they can be treated as straight lines)
for the point p0 can be easily defined. The correct matches pi, i=1,2 for point p0 in search
images Ii, i=1,2 must lie along its corresponding epipolar line segments.

Approximate terrain surface

Figure 5-2: Multiple image matching with the GC3 algorithm. For details please refer
to the text.
Let I0(p) and Ii(p) be the image intensity values of the reference and the ith search image
respectively. In the reference image, we define an image window W around the point p0 and
name it as the correlation window. Assuming that an approximate DSM is known either as a
constant horizontal plane or from matching results at higher level of image pyramid. If we
project all pixels within this window onto the approximate DSM through the so-called monorestitution procedure, we could obtain a set of object points and these points represent a piece
of surface patch in object space. Then, we back-project these object points onto one of the
search images, the corresponding image window in this search image can be determined
(Figure 5-3). In general, the size and shape of corresponding windows in the reference and the
search images are different due to the imaging geometry and terrain relief. Consequently, a
rectangular correlation window in the reference image may appear as a general quadrangle
window in the search image. We named this process “correlation window warping procedure”
and it depends on the approximate DSM and the image orientation parameters.
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The NCC value between the corresponding correlation windows in the reference image and
the ith search image can be defined, with respect to the height Z for p0, as:

(5.1)

Where, W and s denote the correlation window around the point p0 in the reference image and
a pixel in this window respectively; m and n denote the dimension of the correlation window
W. si(Z) denotes the corresponding point to s in the ith search image. As mentioned before,
si(Z) can be computed through the correlation window warping procedure by using the
approximate DSM and the orientation parameters of the image. The intensity values for point
si(Z) can be interpolated from the ith search image by using the bilinear interpolation method.

Figure 5-3: The correlation window warping procedure. S0(.) and
Si(.) is the sensor model of the reference image I0 and the search
image Ii respectively.
As can be seen from equation (5.1), the value of NCCi is defined with respect to the height
value Z, which could be any values between Z0-∆Z and Z0+∆Z. Thus, given a point in the
reference image, as well as its approximated height Z0 and a possible error ∆Z in object space,
the NCC functions for all individual stereo pairs are defined within a unique framework. We
then follow the procedure proposed by Okutomi and Kanade (1993), instead of computing the
correct match of point p0 by evaluating the individual NCC functions between the reference I0
and search image Ii, i =1,2, we define the sum of NCC (SNCC) for point p0, with respect to Z,
as:
(5.2)
Therefore, by finding the value Z: Z∈[Z0-∆Z, Z0+∆Z] which maximize the SNCC function,
we can obtain the true height value for point p0. Here, the height error ∆Z determines the
search distance along the corresponding epipolar lines. Through the definition of the SNCC
function, which simply accumulates the NCC measures of cross-correlation from all the stereo
pairs, the correct match or correct height in object space, for a given point in the reference
image, can be obtained. In other words, our method integrates evidence from all individual
stereo pairs for the final decision.
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For each point p0 in the reference image, we produce a correlation function SNCC(p0, Z). The
Z varies incrementally with the step which corresponds to one pixel variation in the image
that has the largest stereo angle to the reference image. The matching candidates show
maxima in this function. A smooth quadratic fitting of the correlation function SNCC(p0, Z) is
used to identify the peak locations. As a result, each peak of the function SNCC(p0, Z)
corresponds to a object point with a certain height value. In the GC3 algorithm, these object
points are defined as the matching candidates for the given point. One should note these
candidates are defined in object space, by back projecting these candidates onto the search
images, the matching candidates in image space can also be determined.
The method can be easily extended to a more general method, which is suitable for n+1 (n ≥
1) images.
(5.3)
For color and multispectral images, the NCC function between the reference image and the ith
search image for point p0 can be defined as
(5.4)
Where, NCCi,b(p0,Z) denotes the NCC function between the reference image and the ith search
image in individual bands b, and NB is the total number of bands. For example, NB equals 3
when the RGB true color images are used. With color image data, we also can compute the
photometric (such as the mean and standard deviation of the image intensity) and chromatic
(such as the hue and chroma values for the color images) statistics and take them as individual
bands (Henricsson, 1996).
Thus, the basic GC3 algorithm works as follows:
• For each point in the reference image, determine its approximate height and possible height
error in object space. The approximate height and error can be defined by the user or
computed by using the approximate DSM derived from the higher level of the image
pyramid. The corresponding epipolar lines in the search images can further be determined
through the known image orientation parameters.
• Determine the parameters of the correlation window and its warping function. Compute the
NCC function, with respect to height values, for each individual image stereo pair.
• Compute the SNCC by summing all individual NCC functions.
• Determine the sites of local maxima of the SNCC function and, fit a smooth quadratic
function for each local maximum within a local neighborhood of that maximum value.
• Determine the correct height value for the given point through a quality measuring
procedure. Basically we have the following two quality measures:
a) The correct match should have clear and sharp maximum SNCC value. So if there is a
unique candidate or if there are more than one candidates and the value of the second
SNCC peak is less than half or one third of that of the first SNCC peak, the peak that have
the largest SNCC value should represent the correct match.
b) Using the same matching parameters, the point can be matched from search images to
the reference image and if the differences between these inverse matching and the normal
one is less than 1.5 pixels in image space, the candidate should be the correct match. One
should note that this quality measure is also referred to as two-way consistency check, and
it can be used for detecting mismatches caused by occlusions.
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Points that cannot pass these measures may have multiple solutions. In this case, we cannot
just simply determine their correct matches. This matching ambiguity will be further solved
by the following global image matching method by imposing a local piecewise smoothness
constraint in the object space (see section 5.3). We take at most five matching candidates,
with their SNCC values being above a threshold, in the order of decreasing SNCC values. As
a result, for each given point in the reference image several matching candidates may be
obtained.
In summary, a new image matching algorithm, i.e. the GC3 algorithm is here presented.
Basically it is an ABM method, however, the matching is guided from the object space, so
that any number of images (more than two) can be matched simultaneously and the epipolar
geometry constraint is integrated implicitly. The similarity measure, i.e. the NCC, for each
image stereo pair is defined with respect to the height, thus the NCC functions of different
stereo pairs are referred to a unique framework and they can be combined into a new
similarity measure – the Sum of NCC (SNCC). Through the definition of the SNCC function,
we can integrate evidences from all stereo pairs for the final decision.
The basic philosophy behind the GC3 algorithm is to determine the correct match through the
evaluation of the SNCC function and to enforce the search along the corresponding epipolar
lines. There are several controlling functions and parameters will affect the performance of
the basic GC3 algorithm, for example, the correlation window warping function, the
correlation parameters such as the size and shape of the correlation window, the search
distance and the threshold value for SNCC. Furthermore, we have to cope with the case in
which the correct matches do not lie along the epipolar lines due to image orientation errors.
In general, as long as the NCC is used as the similarity measure, the GC3 algorithm belongs to
a local image matching algorithm and suffers from the similar problems as other traditional
local matching algorithms and techniques. Although multiple images can be used to reduce
the possibilities of matching ambiguity caused by repetitive texture patterns, as demonstrated
in the following sections, normally we cannot completely avoid the ambiguity problem. In
addition, we also have to cope with the matching problems caused by surface discontinuities
and occlusions.
In the following, we will give more details about these problems and the solutions.

5.2.3.1 Correlation Window Warping Procedure
As mentioned before, the correlation window warping procedure is a function of the
approximate DSM and the image orientation parameters. Once we define the correlation
window in the reference image, the corresponding windows in the search images can be
determined by using an approximated DSM and the image orientation parameters. The
approximate DSM can be assumed to be a horizontal plane or derived from the higher image
pyramid level. In principle, for all pixels in the correlation window, their corresponding
points in the search images can be computed. However, the direct implementation of the
correlation window warping procedure needs very high computational cost so that it is not
realistic for real applications. To reduce the computational costs, the procedure can be
implemented as follows: Firstly, the corresponding pixel coordinates of the 4 corners of the
correlation window in the search images are computed, then the coordinates for other pixels
within the correlation window can be interpolated by using the bilinear interpolation method,
finally their grey values are interpolated from the search images again by using the bilinear
interpolation method. In this simplified implementation, the object surface patch,
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corresponding to the correlation window, is assumed to be a local planar surface. In most
cases, this assumption is justified because the object surface can be treated as piecewise
smooth surface, expect at abrupt surface discontinuities.

Figure 5-4: Correlation window warping procedure in case of four SI image strips with
different flight directions and image scale.
A square window in the reference image is correlated with windows of different size,
shape and orientation in the search images (shown in red quadrangle boxes).
Thus, through the correlation window warping procedure, a square correlation window in the
reference image can be correlated with windows of different size, shape and orientation in the
search images. Therefore, multiple linear array images with different image scale and
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orientation can be matched straightforward. The distortions caused by terrain relief and
imaging geometry can be compensated in real-time. In addition, the non-square pixel on the
ground, which is caused by non-constant flight velocity in linear array images, can be
effectively compensated. In Figure 5-4, an example shows a match with images from 4
different SI image strips. These 4 image strips have different acquisition direction (two of
them were taken with the changing flight direction and the other two were cross strips) and
small image scale differences.

Figure 5-5: Image selection or exclusion based on terrain slope and the sensor
geometry. The size (in along-track direction) of the corresponding correlation window
in the search image depends on the angle θ between the normal vector of the local
object surface and the corresponding imaging ray
Here one should note that problems may arise due to very steep terrain surface. Assume the
correlation window in the reference image has the size Ws. The size Ws´ of its corresponding
window in the search image is variable and depends on the image orientation and the slope of
the imaged terrain. As can be seen in Figure 5-5, the value of Ws´ mainly depends on the
angle θ between the normal vector of the local object surface and the corresponding imaging
ray. When this angle becomes 90 °, Ws´ becomes zero and makes the correlation impossible.
Therefore, in the GC3 algorithm, images with angle θ ≥ 90° have to be excluded. Considering
that the approximate DSM may include errors and some smoothness effects, we define the
criterion, which is used to exclude some images from the matching, as θ ≥ 75°.

5.2.3.2. Multiple Solutions Problem
Multiple solutions occur because of very similar, neighboring texture patterns in images.
These patterns, in most of the cases, are images of repetitive structures that have similar
shape, size and physical properties. They tend to confuse a matcher because the matcher may
correlate a feature in one image with features from nearby parts of the structure in the other
images, especially if the image features generated by these structures are close together
compared with the disparity of the features.
In general, the occurrence of the multiple solutions is obviously a function of the correlation
window size and the search distance. Normally, the larger the correlation window size, the
more discriminate information is to be contained and the higher is the possibility to avoid
multiple solutions; the larger the search distance, the higher is the possibility to have multiple
solutions. Therefore, the correlation window size and the search distance have to be chosen
carefully according to the image content and the object surface. The adaptive selection of
these two parameters will be described in 5.2.3.3. Furthermore, the greatest chances for
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solving the multiple solutions arises from the inherent characteristics of the proposed GC3
algorithm, i.e. matching with more than two images.

Figure 5-6: The SI image triplet acquired in ideal conditions
To analyze theoretically the performance of the GC3 algorithm with respect to solving the
multiple solution problems, suppose that we have a SI image triplet, which is acquired in ideal
conditions. That is, the trajectory is assumed to be a straight line with the constant flying
height, the optical axes are assumed to be always perpendicular to the trajectory and all three
images are assumed to be taken with perfect parallel projection along the flight direction, as
shown in Figure 5-6. For point P in the object space, its disparity d in the nadir-backward
image pair can be computed as:
d = s H tan(α)
(5.5)
Where, H is the distance from the object point P to the image focal plane (Z value of point P
has the one-to-one correspondence to the distance H), α is the stereo angle of the nadirbackward image pair and it is a constant value. s is the image scale.
Now suppose the image has the same intensity pattern around x and x+a (point at position
x+a is supposed to be a false match). The traditional NCC values, with respect to the disparity
d, will show equally maximas at x and x+a, i.e.
NCC(x+d) = NCC(x+d+a) = max NCC(p0,d)
(5.6)
If we evaluate the NCC function with respect to H, we obtain
NCC(x+sHtgα) = NCC(x+(H+a/s tan(α))tan(α)) = max NCC(p0, H)
(5.7)
The above equation means that the distance value for that false match should be H+a/s
tan(α). Therefore, by integrating NCC functions of different stereo pairs (with different stereo
angles), with respect to distance, it is possible to eliminate the false match simply because
only the correct match shows maximum NCC value at the correct distance H in all stereo
pairs, while the maximum NCC values for the false matching appear at different distance
values. Therefore, when the individual NCC functions are summed up, the correct match
should yield a clear and sharp maximum SNCC value. This also means that using multiple
stereo pairs simultaneously can eliminate the match ambiguity, although the individual stereo
pair may suffer from the multiple solutions problem.
We illustrate this by using SI images. Figure 5-7(a) shows a triplet of SI-100 images. A
feature point P in the nadir-viewing image needs to be matched in the other two images.
Within the search range (we take the error for the given approximate height as ±10.0 meters
in order to demonstrate the effects) there exists another equally good match candidate P’. It
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turns out to be very difficult to disambiguate with point P by just evaluating the NCCN+F and
NCCN+B values individually. In the right column of Figure 5-7(a), the first two rows show the
plotting of NCC values with respect to height for the nadir-forward and nadir-backward stereo
respectively. Although the NCC functions take a maximum at the correct match, there are also
other local maximas for both cases. However, in case of SI-100 imagery, the stereo angles of
the nadir-forward and nadir-backward stereo pair have the similar absolute value but different
signs (ca. -21° and +21° respectively). All individual NCC values show one clear maximum
value at the correct match, but the maximum NCC value for the incorrect matches appears in
different sites. Therefore, the correct match can be determined through evaluating the SNCC
values. Figure 5-7(b) shows another example of SI-100 imagery, but this time the images
contain periodic patterns. The configuration of the SI-100 imaging system was not helpful for
solving this ambiguity problem. Figure 5-7(c) shows an example of the newly developed SI290 image triplet. In the SI-290 configuration, the stereo angles of the nadir-forward and
nadir-backward stereo are approximately -16° and +23° respectively. This time the match
ambiguity problem caused by periodic patterns has been successfully solved. The result
shown in Figure 5-7(c) also indicates that the configuration of the SI-290 system has more
advantages than that of the SI-100 system.
In Figure 5-8, an example of two opposite SI-100 image strips is shown. The individual NCC
functions and the SNCC function within the search range determined by the height error of
±10.0 and ±20.0 meters (they correspond to at most 390 to 780 pixels in image space,
respectively) are shown in Figure 5-8(b) and 5-8(c) respectively. Again it is very difficult to
determine the correct match by just evaluating each individual NCC value. However, the
SNCC shows a sharp and clear maximum at the correct match, even within a very large search
distance. Results shown in Figure 5-7 and Figure 5-8 indicate that with multiple image
matching, the matching ambiguities caused by repetitive structures can be dramatically
reduced.
From Figure 5-8 we observed that the individual NCC function for the smaller stereo angle
image pair has flatter shape and fewer local maxima, on the other hand, the NCC function for
larger stereo angle image pair has sharper shape and more local maxima. This phenomenon
indicates that the matching with wider baseline stereo pair (having large stereo angle) tends to
be more precise if the matching ambiguity can be solved efficiently.
In principle, The GC3 algorithm shares the same idea as the methods proposed by Yachida et
al. (1986), Tao (2000), Maas (1996), Maas and Kersten (1997). They all used the so-called
multi-view epipolar constraint, which is based on the fact that for a matching candidate in a
pair of images, there is unique location we can predict in the third image where we expect to
find evidence of the same point. A candidate is selected as the correct one if the epipolar lines
for the reference point and its candidate intersect in the third image. In fact, in the previous
version of our method, we had a similar approach (Gruen and Zhang, 2003; Zhang and Gruen,
2004): for each matching candidate computed from the nadir-forward pair for example, we
used the backward image to check its geometrical consistency. Obviously the method
becomes more complex when more images are introduced. Compared to these methods, in
which they decide matching candidates for correspondence in each image pair and then search
for the correct combinations of correspondences among them using the geometrical
consistencies they must satisfy, we use a unique similarity measure SNCC to evaluate the
matches. It is simpler and more convenient for implementation.
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Forward Image

Nadir Image
(the reference image)

Backward Image

(a)

Forward Image

Nadir Image
(the reference image)

Backward Image

(b)

Forward Image

Nadir Image
(the reference image)

Backward Image

(c)
Figure 5-7: GC3 matching with single SI strip for solving the multiple solution problem.
In the images of the left columns, point P is the correct match, while P´ and P” are possible
false matches. Lines shown in pink color indicate the corresponding epipolar line segments.
The right columns show the plot of individual NCC functions and the SNCC function.
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(a)

(b)

(c)

Figure 5-8: GC3 matching with 2 SI image strips (with changing flight directions) for
solving the multiple solution problem. The individual NCC functions and the SNCC
function within the search range determined by height errors of ±10.0 and ±20.0 meters are
shown in (b) and (c) respectively
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5.2.3.3 Occlusion Problem
The occlusion problem in image matching refers to the fact that some points in the scene are
visible in one image but not in other images, due to the scene and imaging geometry.
Occlusions often appear near surface discontinuities, and they increase with increasing
baseline between the sensor stations, especially when the surface discontinuities are vertical
to the baseline. In fact, occlusion is one of the main culprits to prevent from obtaining correct
surface models and it contributes a main source of mismatches in almost all of the existing
matching methods. Whether a point in the reference image near a surface discontinuity is
occluded in the other images, strongly depends on the number of images and configuration.
With only two images, the occlusion problem is unavoidable and it is almost impossible to get
a correct match. Only some appropriate interpolation methods can be used to fill such area
based on some assumptions and knowledge. From the standpoint of the correct match,
matching with multiple images (more than 2) can give a clue to resolve the occlusion
problem. When an area is occluded in an image from a camera station, images from another
different camera station have a chance to observe this area and thus it can provide a correct
match.
In the last decade, most of the research work on automated surface reconstruction from image
sources have focused on detecting and measuring occlusion regions in stereo imagery and
recovering accurate surface estimates for these regions. Brown et al. (2003) gave a definition
of the occlusion problems and reviewed three classes of algorithms for handling occlusion
problems: methods that detect occlusion, methods that reduce sensitivity to occlusion, and
methods that model the occlusion geometry. The first group of methods attempts to handle
occlusion regions by detecting them either before or after the matching. These occlusion
regions are then either interpolated based on neighboring matching results to produce a
complete surface model or simply not used for applications requiring only a sparse surface
model. Methods using the two-way consistence check belong to this group. Normally they
compute two sets of matching results, one based on the correspondence from the left image to
the right and the other based on the correspondence from the right image to the left.
Inconsistent matches are assumed to represent occlusion regions in the scene. The second
class of methods attempts to use some robust methods to reduce the sensitivity of matching to
occlusion and other image differences. Example can be found in Bhat and Nayar, 1998.
Instead of using traditional similarity measures between image intensity values, they proposed
an alternative ordinal measure based on the distance between rank value positions. Since the
method relies on relative ordering of image intensities rather than the intensities themselves, it
is somewhat robust to outliers. Methods of detecting occlusion regions and recovering threedimensional information in those regions by exploiting multiple images (more than two)
belong to the third group of methods, since these methods attempt to recover the occlusion
regions by directly modeling the occlusion regions from multiple images.
Here the GC3 algorithm is used to match multiple images simultaneously. From the
experimental result, we found that if the point is occluded in some stereo pairs, the
corresponding NCC functions may yield no local maximum near the correct match. This
situation tends to make the shape of the overall SNCC function dull, thus make it very
difficult to find the correct and accurate match. We also found that in most cases, if the point
is occluded in some stereo pairs but the number of these pairs is less than half of the total
number of stereo pairs, the correct match can be found with the GC3 algorithm. In Figure 5-9,
the nadir image of the first SI strip is chosen as the reference image and we want to match a
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corner point near a building to other five images. In this case, we have totally five stereo
pairs. The point is occluded only in two images of the second SI strip. Although the shape of
the overall SNCC function becomes dull and less sharp, it is sufficient to produce a correct
match for the given corner point.
In case only one SI image strip is used, the situation mentioned above will never happen.
However, quite often a point or a region in the reference image, especially when it lies near a
surface discontinuity that is more or less vertical to the flight line, will only be occluded in the
predecessor or successor images, i.e., for a three-line-scanner camera moving along a
continuous path, objects that are occluded in the forward viewing image tend to be observed
in the backward viewing image. An example is shown in Figure 5-10. In this case, through the
analysis of the individual NCC functions we also could obtain the correct match, but the
correspondence points appear only in one stereo pair. In real applications, other factors such
as image noise, perspective distortions and non-uniform illumination may cause some points
only to be matched in one stereo pair, but we treat all of them the same and do not try to
distinguish them. To obtain the reliable matching, the two-way consistence check has to be
performed in the stereo pair where the given point is not occluded.

Figure 5-9: GC3 matching with two SI strips (with changing flight directions) for solving the
occlusion problem. Although the given point is occluded in two search images, the correct
match can still be obtained through the analysis of the SNCC function
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Forward Image

Nadir Image
(The reference Image)

Backward Image

Figure 5-10: GC3 matching with a single SI strip for solving the occlusion problem.
In this case, the given point of the reference image is occluded in the forward viewing
image, the correct match cannot be obtained through the analysis of the SNCC function;
however, it can be achieved through the analysis of the NCC function for the nadirbackward stereo pair.

5.2.3.4 Self-tuning of Correlation Parameters
The correlation parameters for the GC3 algorithm should be dynamically vary during the
course of matching. These parameters mainly include the size and shape of the correlation
window, the search distance along the corresponding epipolar lines and the threshold of
SNCC for rejecting the mismatches. These parameters should vary from image to image and
also area to area in the same image in order to optimize the performance of our algorithm.
A central problem of the proposed GC3 algorithm and many other ABM techniques lies in
selecting an appropriate correlation window size. The window size and shape must adapt to
both the radiometric content of the image and the geometric form of the object surface. To
satisfy both is difficult or sometimes impossible. On one hand, the window size must be large
enough to contain enough image intensity variation for reliable matching. If the window size
is too small and does not cover enough intensity variation, correlation provides multiple
matching candidates or gives a poor match because the local image noise and lack of texture
information may dominate the value of NCC. On the other hand, the window size must be
small enough to avoid the effects of projection distortion. In case the window size is too large
and covers an image region which contains a surface discontinuity, the correlation may not
give a correct match due to different projective distortion across the surface discontinuity. For
these reasons, we must choose the size of the correlation window very carefully. With the
correlation warping function, the effects of the terrain relief have been partly compensated.
However, as mentioned in 5.2.3.1, the local object surface, which is corresponding to the
correlation window in the reference image, is assumed to be a local planar surface. Therefore,
we still have to consider the texture information contained in the window and most
importantly, to avoid the correlation window covering surface discontinuities. Following the
idea proposed by Kanade and Okutomi (1994), we have developed an iterative method to
determine the appropriate window size and shape for the GC3 algorithm. The method includes
the following steps:
(a) Using a small 7 × 7 window centered at the given point, determine the search distance
by using the approximate DSM derived from the higher level of image pyramid, then
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extract the matching candidates through evaluating of the SNCC function. Exclude those
candidates that have very low SNCC values, e.g. less than 0.5.
(b) Compute an indicator: RSNCC = SNCC1st / SNCC2nd. Where SNCC1st and SNCC2nd are the
SNCC value for the largest and secondary peaks, respectively. If RSNCC is larger than 0.33
then select the candidate with the largest SNCC value as the correct match and stop the
iteration. Otherwise, continue the procedure.
(c) Expand the window by 4 pixels in one direction, e.g., to the right, and compute RSNCC
for the expanded window. If the expansion decreases the value of RSNCC, the direction is
prohibited from further expansions. Repeat the same process for each of the four directions,
the right, the left, the top and the down (not including the already prohibited ones).
(d) Repeat steps (a) - (c) until the window size reaches a limit, e.g., 41 × 41 pixels for the
SI images and 21 × 21 pixels for satellite images.
The underlying objective is that in flat terrain areas or poorly textured image regions, the
correlation window size should increase, while in rough terrain areas or highly textured image
regions, the window size should decrease. In addition, selection of the correlation window
should avoid covering the different areas across the surface discontinuities. In the earlier
implemented version (Gruen and Zhang, 2003; Zhang and Gruen, 2004), the window size was
determined by the variations of the image disparity and intensity. The variations of the
disparities were calculated from the approximate DSM through the image geometry and the
variations of the image intensities were the summation of the squared first derivatives of the
intensity values within the correlation window. This method was computational costly and
strongly relied on the quality of the approximate DSM derived from the higher level of image
pyramid. With the current version the computational costs are reduced, since for most of the
points the iteration stops just at window size of 11 × 11 or 15 × 15 pixels.
In Figure 5-11 and Figure 5-12 two examples of matching a corner lying along the distinct
surface discontinuities are shown. From the second row of Figure 5-11, it can be seen that if
we use the traditional square-shape correlation window with fixed size, the maximum SNCC
value even appears at the incorrect positions because more than 50% of the correlation
window contains quite different image contents. With the correlation window adaptive
determination procedure, the window tends to grow towards the top of the building, which
make the window contain more similar image content between the images. By doing this, the
final SNCC function shows a clear and sharp maximum value at the correct height (see the
third row of Figure 5-11). Similar result can also be seen in Figure 5-12. Compared to the
fixed matching window size, the correlation with adaptively determined window size and
shape increases the success rate and matching accuracy for those points positioning along the
distinct surface discontinuities.
The search distance along the epipolar lines is another important parameter for the GC3
algorithm. Too large and too small search distance may produce wrong matching results. On
one hand, there are two disadvantages of using too large search distance. Firstly, the
probability of having a false match or a secondary matching candidate is directly proportional
to the search distance and, secondly, the computational cost is also proportional to the search
distance. On the other hand, too small search distance is not acceptable because the correct
match may not even stand within the search area. Generally, the search distance mainly
depends on the terrain elevation error ∆Z and the image geometry. Let ∆Z’ be the computed
terrain height variation (represented by the standard deviation) from the approximate DSM in
a small neighborhood of the given point, we choose ∆Z is 2 or 3 times of the value ∆Z’. In our
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implementation, the approximate DSM is represented by triangular irregular network (TIN)
structure, and the neighborhood is defined as the sets of points which have directly connection
to the given point. This method results in a decreased search distance in relatively flat areas
and an increased search distance in roughly terrain areas.

Figure 5-11: Matching a corner point lying on a distinct surface discontinuity with
the GC3 algorithm. The images of the middle and bottom row show the SNCC
functions with the traditional squared correlation window centered at the given point
and the adaptively determined window, respectively.
Concerning the acceptance threshold for the SNCC values, the optimal one should reject all
mismatches and accept all correct matches. However, due to the image intensity differences
within the correlation window caused by multiple sources such as image noise, the
illumination, the projective distortions, the surface discontinuities and etc, to achieve an
optimal threshold value for the SNCC value may be very difficult. In our case, the problems
caused by the projective distortion, the terrain relief and the image noise have been partly
compensated by the correlation window warping function and the adaptive selection of the
correlation window. Also, we will employ a global matching procedure to solve the matching
ambiguity. Therefore, we just define a minimum acceptance threshold for SNCC values (e.g.
0.5) or use some user provided values in cases relatively sparse and high quality matching
results are required. An example of the latter case is the process that matches some high
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quality points for computing the dynamic y-parallax compensation grid, which will be
described in 5.2.3.5.
By adaptive selection of these correlation parameters, we can reduce the probability of
mismatches and matching ambiguities, and increase the reliability of the matching, but with
the penalty of higher computational costs.

Figure 5-12: Matching a corner point lying on a distinct surface discontinuity with
the GC3 algorithm. The images of the middle and bottom row show the SNCC
functions with the traditional squared correlation window centered at the given point
and the adaptively determined window, respectively.

5.2.3.5 Dynamic Y-Parallax Compensation
We have shown that the GC3 method is guided from the object space. The epipolar geometry
constraint is implicitly employed so that the matching candidates are only searched along the
corresponding epipolar lines. However, if the image orientation parameters are not accurate,
the corresponding epipolar lines will not pass through the correct match. Searching in two
dimensions is a possible solution, however, this has two major disadvantages: (1) the epipolar
constraint cannot be fully used and the probability of mismatching increases dramatically; (2)
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the computational costs are also dramatically increased. We try to solve this problem by a
dynamic y-parallax compensation mechanism.
In Figure 5-13, suppose in the object space we have a physical point P, p and p’ are the
corresponding points in a stereo pair. Through the back-projection with the known image
orientation parameters, projections pc and pc’ for point P in two images can be computed from
its object coordinates. The image coordinates for point p and pc or p’ and pc’ should be
exactly the same only if the orientation parameters are free of errors. In fact, there are small
differences due to the errors of the orientation parameters. In each image, we define the
difference in image y-direction as the residual y-parallax.

Figure 5-13: Definition of the residual y-parallax
All photogrammetric models have some residual y-parallax due to errors that arise from a
variety of sources during the processing. In theory, the y-parallax can be determined once the
sensor orientation is known accurately and the object coordinates for the point are known.
The sensor orientation parameters for linear array images are more difficult to be determined
precisely through the triangulation procedure due to the dynamic collection of the images.
The problem becomes more critical with the airborne linear array systems. For example, it
turns out to be a very difficult task to keep the residual y-parallax within 1-2 pixels with the
large-scale SI images unless a large number of ground controls are used. On one hand, it is
difficult to model the flight trajectory very precisely due to the high dynamics of the airborne
environment, even with the help of onboard GPS/INS systems. On the other hand, the ground
control points used for the triangulation procedure normally have the level of errors (several
centimeters) comparable to the pixel size of the SI images.
In our experiments, we observed that the residual y-parallax shows a very smooth distribution
across the whole image. This enables us to develop a dynamic y-parallax compensation
method for reducing the effects of residual y-parallax on our matching procedure. The
underlying strategy is to interpolate the residual y-parallax for the given point from the
reliable matching results of some selected points. The procedure begins with some selected
point-like features, which are extracted by the Lü operator with a higher interest value (the
roundness should be more than 0.5) and highly likely to be precise and reliably matchable. In
each image pyramid level, these selected features are matched by a quite conservative and
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two-dimensional search. Points having a good quality of match are then chosen and serve as
reliable y-parallax points. The matches will be considered as being of good quality only if the
following two conditions are fulfilled:
(1) Within the search range, only one unique matching candidate is found and the SNCC
value for this candidate is more than 0.75
(2) Within the search range, there are more than one candidates and the value of the first
SNCC peak is more than two times of that of the secondary SNCC peak and the SNCC
value for the first peak must not be below 0.7
After that, a so-called y-parallax compensation grid is interpolated from the computed yparallaxes for these points. It will in turn be used in the next pyramid level for restricting the
search space in the direction that is perpendicular to the epipolar line. The compensation grid
size is set to be 250 × 250 pixels for airborne SI images. In case of large non-texture areas
such like lakes, there are not enough y-parallax points for the interpolation, then the yparallax compensation value for the grid point is given as zero. Other points like the edge
points are matched by only searching along the epipolar lines, but they need to subtract their
y-parallax compensation values in the current image pyramid level firstly.
The two dimensional search is achieved by slightly modifying our basic algorithm and it
works as follows: Instead of just computing the NCC value for each search site along the
corresponding epipolar line, NCC values for additional ± m sites along the line which
perpendicular to the epipolar line are also computed and only the maximum NCC value is
taken for this search site (see Figure 5-14). In our implementation, we took the value for m as
2 pixels.

Figure 5-14: Two-dimensional search to consider the residual y-parallax

5.2.4 Feature and Grid Point Matching with the GC3 Algorithm
As mentioned in 5.2.2 the feature points mainly consist of three types of points, i.e. the
feature points extracted by using the Lü operator, the dominant points of the extracted edges
and some edge points. Feature points often correspond to points at places of terrain height
changes so that some of them are significant points for the DSM generation. Also, feature
points are usually the points that are more suitable for accurate and reliable matching. The
dominant points and some edge points are included in order to provide good approximations
for the subsequent edge matching procedure. This is due to the fact that once we obtain the
correspondence for these dominant points, the matches for other edge points can be easily
determined considering the figural continuity constraint, which states that the disparities or
height values should vary smoothly along the edges.
However, in case of image regions with poor texture or even no texture information, the
feature points cannot be extracted and the matching with only feature points certainly
generates holes in these regions. Thus, in addition to feature point, we have to match also grid
points and produce reasonable results for these regions. Grid points are points determined at
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given positions and are generally uniformly distributed over the whole image. Compared to
the feature points, the choice of grid points is blind and thus many grid points may lie in
poorly textured regions or occlusions. The search for the match of a given grid point has
higher possibility to yield ambiguity and even no matching candidate. In our implementation,
the matching candidates for the grid points are firstly computed by the GC3 algorithm and the
final match will be determined by using a relational matching procedure.
At each pyramid level, the correspondences for all these points are found by the GC3
algorithm. However, different matching strategies and parameters have to be used according
to the types of points. For example, if we apply the same search distance to all points
including the grid points, potentially many mismatches for grid points might be produced.
The better way is to start with some selected feature points, match them using the
approximate DSM derived from the higher level image pyramid, and the matching results of
these feature points are then used to constraint the matching candidate search for other points.
In addition, to ensure the quality of the DSM, very dense patterns of feature points as well as
grid points have to be collected through the matching approach. This leads to a heavy
computational burden. One-dimensional search along smaller portion of epipolar lines
dramatically reduces the computational cost, but we have to take the image orientation errors,
which lead to inaccurate epipolar geometry, into account. Therefore, to achieve a reliable
matching with reasonable computational costs, we developed a two-step matching procedure
and it works as follows:
1) We begin with some selected point-like features, which are extracted by the Lü operator
with a high interest value (the roundness should be more than 0.5) and highly likely to be
precisely and reliably matchable. These selected features are matched by a quite
conservative and two-dimensional search (see 5.2.3.5 for details). The successfully
matched points are then used to interpolate the residual y-parallax compensation grid. The
grid is then used to compensate the residual y-parallax for other points.
2) With the successfully matched points in step (1), a refined surface model can be
generated and this serves as approximation for further restricting the search space for
other points. Meanwhile, with the residual y-parallax compensation grid, the matches for
other points are found only along the corresponding epipolar lines.
As results, for each point on the reference image, several matching candidates are computed.
The correct match is determined by taking the quality measures described in 5.2.3. The points
that pass these measures will be indicated as successful matches and they are considered to
have only one unique matching candidate, while others are considered to have multiple
candidates. Then, a reliability indicator is assigned to each matching candidate according to
the SNCC value and the slope of the SNCC function at that matching candidate. The
reliability indicator rm is defined as the following and it takes values that vary from 0 to 1.

rm = 0.6 SNCC + tan-1(SlopeSNCC)/(π/2) × 0.4

(5.8)

From equation 5.8, it can be seen that the larger the SNCC value and the slope of the SNCC
function, the larger the reliability indicator rm, and the more reliable is the match. The
reliability indicator defined above essentially serves three main purposes. Internally, it
functions as an initial probability and is updated iteratively in the relational matching
procedure. Externally, it gives certain reliability measures for the matching results and can be
further used for editing the results by the users. Finally, it serves as a weighting factor for
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other subsequent procedures that utilize the matching results, for example, interpolating the
DSMs.

5.3 Edge Extraction and Matching
In general, mass points are the predominant features for the reconstructed DSM and they form
the overall shape of the terrain surface. Breaklines can augment this information. Breaklines
are line features, or the boundaries of areal features, which represent important natural or
artificial discontinuities in slope contained in the terrain and they are also important features
for capturing terrain information that includes buildings and other man-made features.
Examples of natural features are ridges, channels, geological faults and lakes. Examples of
manmade features are reservoirs, buildings and roads.
In 5.2.3, we have presented the GC3 algorithm to match a dense pattern of mass points for
DSM generation. The GC3 algorithm basically is an ABM method and it can be used to
generate dense 3D mass points from multiple images. Although this algorithm has the ability
to solve the matching problems caused by surface discontinuities, occlusions and repetitive
structures, the results are generally insufficient for high-resolution dense DSMs over suburban
and urban areas. Only with the mass points, the surface discontinuities, which are main
characteristics in these areas, cannot be precisely located and modeled, thus smoothness
effects usually happen around the surface discontinuities. The intensity discontinuities in the
images are usually, if not always, indications of the surface discontinuities and they form a
very important information for automatic DSM generation so that they have to be integrated
into the matching process. In addition, in the subsequent global matching procedure, the line
features are required to prohibit the smoothness constraints crossing the surface
discontinuities. Therefore, to reconstruct an accurate and dense DSM from very highresolution images, like the SI images, over urban areas, we must take into account the
problems caused by surface discontinuities and occlusions. Even with satellite images, line
features are also important for capturing and modeling terrain features such as ridgelines.
Matching the high level features (e.g. edges or line features) is a possible solution to these
problems.
Line features and edges have been widely used in photogrammetry and computer vision to
automatically extract and reconstruct important natural geomorphological features and
especially man-made objects from image sources. In order to integrate the edges into our
DSM generation procedure, a robust edge matching algorithm, which uses the adaptive
matching window determination through the analysis of the image contents and local
smoothness constraints along the edges, has been developed. In the following, we will first
give a review on the previous work on edge extraction and edge matching in section 5.3.1,
then, our methods for edge extraction and edge matching will be described in section 5.3.2
and 5.3.3 respectively. The method for removal of some mismatched points by using the edge
matching results will be described in 5.3.4 and, finally some edge matching results will also
be presented in section 5.3.5.

5.3.1 Review of Related Works
Edges in intensity images are usually defined as local discontinuities or significant changes in
some image features, such as image intensity or texture. A discontinuity in an image,
especially intensity discontinuity, stems from different physical phenomena: discontinuity of
illumination, difference in surface reflection of 3D objects and geometrical discontinuity of
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the object surfaces such as the difference in surface orientation, the depth or the occlusions.
Therefore, edges are considered to be very important image features for segmenting a scene,
recognizing objects and especially reconstructing the man-made objects. They have been
widely used as matching primitives. Therefore, edge extraction is one of the most commonly
used operations in image analysis, and there are probably more algorithms in the literature for
enhancing and detecting edges than on any other single subject.
Edge extraction is followed by finding matches or correspondences of edges over two or more
images. Once correspondences are obtained, higher level processes, such as object
recognition, object surface reconstruction and image interpretation, can be performed. The
matching operation is usually based on the measurement of image feature similarities or
invariant moments, and quite often, the epipolar geometry constraint is employed to reduce
the search space.
Edge extraction and edge matching are two fundamental procedures in digital
photogrammetry and computer vision. Although a large effort has been devoted to these
problems, they remain unsolved problems in general terms and they are still very active
research topics.

5.3.1.1 Review of Edge Extraction
Edge extraction is defined as the process aiming at describing the image with small patterns
that are usually sets of connected pixels. The general requirements for an edge extractor are
detection correctness and accuracy. The detection correctness means that the extracted edges
must be truthful to the intensity image from which the edges are extracted. There should be
neither misdetection nor artificial edges generated. Detection accuracy means that the position
and orientation of the extracted lines must not shift too much from where they should be.
The most widely used methods involve edgel linking and segmentation. The basic idea is to
find local edge pixels by using some low-level process, link them into contours on the basis of
proximity and orientation, and then approximate the contours by a set of edge segments.
Some detailed overview on edge detection can be found in Dhond and Aggarwal (1989),
Salotti et. al. (1996) and Chapter 2 of Henricsson (1986).
Some early methods are to enhancement of edges in images by using small convolution masks
to approximate the first derivative of the image intensities. These gradient edge detectors are
very popular and can be found in almost all publications and books related to digital image
processing. Examples are the Roberts, the Sobel and the Prewitt operators. However, these
operators themselves give very little control over smoothing and edge positions so that they
are usually employed to enhance the edges and extract edgels.
The method proposed by Nevatia and Babu (1980) is done in four steps. Firstly, in each pixel,
determine edge magnitude and direction by convolution of the image with a number of edge
masks in six directions (e.g. 0º, 30º, 60º, 90º, 120º, and 150º). The second step consists of
thinning and thresholding of the edge elements found in the first step. The thinning process is
performed to eliminate edges that are thicker than one pixel in order to obtain a clearer, more
refined line extraction result and, the thresholding process is used to eliminating edge
elements that are too weak. The third step includes the linking and tracing of the edge
elements based on their proximity and orientation. Linking means to determine the neighbors
of an edge element it belongs to. These neighbors are called predecessors and successors. If
an edge element is not an end-element, isolated or at a location where two boundary segments
intersect or join, it has one predecessor and one successor. If the element is at an intersection,
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a fork arises and two successors or predecessors may be found. Tracing consists of grouping
the linked edge elements into ordered lists using the successor-predecessor data. These lists
are what make up an edge segment. The final step generates the curves or lines by
approximating the linked edge elements with piecewise edge segments.
A widely used edge detector is proposed by Canny (1986). It is known to many as the optimal
edge detector. The Canny edge detector is a ver complex algorithm, it firstly smoothes the
image to eliminate the image noise. It then finds the image gradient to highlight regions with
high spatial derivatives. The algorithm then tracks along these regions and suppresses any
pixel that is not at the maximum (non-maximum suppression). The gradient array is further
reduced by hysteresis. Hysteresis is used to track along the remaining pixels that have not
been suppressed. Hysteresis uses two thresholds and if the magnitude is below the first
threshold, it is set to zero, and if the magnitude is between the two thresholds, it is set to zero
unless there is a path from this pixel to a pixel with a gradient above the second threshold.
In the procedure proposed by Zhou et al. (1989), the edge-detection problem is posed as one
of detecting step discontinuities in the observed correlated image, using directional
derivatives estimated with a random field model. Specifically, the method consists of
representing the pixels in a local window by a 2-D causal auto-regressive (AR) model, whose
parameters are adaptively estimated using a recursive least-squares algorithm. The directional
derivatives are functions of parameter estimates. An edge is detected if the second derivative
in the direction of the estimated maximum gradient is negatively sloped and the first
directional derivative and a local estimate of variance satisfy some conditions. Because the
ordered edge detector may not detect edges of all orientations well, the image scanned in four
different directions, and the union of the four edge images is taken as the final output. The
performance of the edge detector was illustrated using synthetic and real images and
comparisons to other edge detectors were also presented.
Nelson (1994) proposed a method for extracting line features from an image using extended
local information to provide robustness and sensitivity. The method utilizes both gradient
magnitude and direction information, and incorporates explicit linear and end-stop terms.
These terms are combined nonlinearly to produce an energy landscape in which local minima
correspond to line features called sticks that can be represented as line segments. A hill
climbing (stick-growing) process is used to find these minima. The author compared the
proposed method to two others (the region of support method proposed by Burns et al. (1986)
and the edgel linking / segmentation procedure proposed by Etemadi (1992)), and found that
it has improved gap-crossing characteristics.
Smith and Brady (1995) developed a totally new approach. Their approach is based on the socalled SUSAN principle and it was developed for low level image processing, specifically,
edge detection (one dimensional feature detection), corner detection (two dimensional feature
detection, including, therefore, corners, junctions, etc.) and structure preserving noise
reduction. The SUSAN principle can be viewed as an efficient way of finding features using
local information from a pseudo-global viewpoint; it is the image regions which define the
features at their edges and boundaries, and the features themselves are not the primary objects
of investigation. The SUSAN edge finder uses a circular mask (kernels) centered at each
pixel, and applies a set of rules to that local area. It simply looks at the brightness of the center
of the mask with respect to the adjoining pixels. Then similar brightness is subtracted from the
geometric threshold to produce an edge strength image. Non-maximum suppression, thinning,
and sub-pixel estimation is then done in order to form a meaningful line feature. Through the
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experiments they reported that the localization of the features is independent of the mask size
used and noise suppression is good. The connectivity of edges and lines at junctions is also
good.

5.3.1.2 Review of Edge Matching
There is a large number of image matching algorithms based on edges or edge segments that
have been developed over the last few decades, both in photogrammetry and computer vision.
Examples can be found in a large number of publications such as Marr and Poggio (1979),
Grimson (1985; 1990), Barnard and Thompson (1980), Ohta and Kanade (1985a; 1985b),
Vosselman (1992), Greenfeld and Schenk (1989), Liu and Huang (1991, 1992), Jordan and
Cocquerez (1995), and Pajares et al. (1998). A good and detailed review of FBM can be found
in Dhond and Aggarwal (1989). In this section, only edge / edge segment matching algorithms
that employ multiple images (more than two) are described in more detail.
Yachida et al. (1986) developed an edge-based trinocular algorithm to obtain 3D information
about objects. Similar methods can also be found in (Pietikainen and Harwood, 1986; Ito and
Ishii, 1986). They all used three images to solve the matching problem. By this, each
matching candidate obtained by the initial matching between the first and the second images
is easily examined independently of the other candidates using the third images and thus the
correct match determination procedure is simple, fast and reliable. The basic idea is to further
restrict the search space with the extra epipolar geometry constraints offered by three cameras
(trinocular epipolar constraint). Provided the perspective centers of the three cameras are noncollinear, the correct matches in the three images satisfy the condition that they must lie on
the conjugate epipolar lines of the other two cameras.
Taylor and Kriegman (1995) presented a new method for recovering the 3D structure of a
scene composed of straight line segments using the multiple image data obtained from a
moving camera. The recovery algorithm is formulated in terms of an objective function which
measures the total squared distance in the image plane between the observed edge segments
and the projections (perspective) of the reconstructed lines. This objective function is
minimized with respect to the line parameters and the camera positions to obtain an estimate
for the structure of the scene. The effectiveness of this approach is demonstrated
quantitatively through extensive simulations and qualitatively with actual image sequences.
Bignone (1995) presented a framework that consists of a segment stereo-matching and a
coplanar grouping algorithm. The edge-based stereo-matching method matches a straight
edge segment in multiple images and it proceeds in two steps. First, for each 2D edge
extracted from one image, the correspondences are searched in other images. This is
implemented by maximizing an edginess measure along the epipolar line. Secondly, all the
matches are merged and only the consistent ones are kept. The merging process is achieved
with geometric and photometric constraints. To find correspondences even in the case of
broken or occluded edges, edge extraction is not performed in all images, instead of that, edge
segments are only extracted in one of the images. For each edge segment, the
correspondences are searched for in other images and finally the matches are merged.
Baillard et al. (1999) proposed a method for automatic line matching and 3D reconstruction of
buildings from multiple images. They described two developments in the automatic
reconstruction of buildings from aerial images. The first is an algorithm for automatically
matching line segments over multiple images. The algorithm employs geometric constraints
based on the multi-view geometry together with photometric constraints derived from the line
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neighborhood, and achieves a performance of better than 95% correct matches over three
views. The second development is a method for automatically computing a piecewise planar
reconstruction based on the matched lines. The novelty here is that a planar facet hypothesis
can be generated from a single 3D line, using an inter-image homograph applied to the line
neighborhood. The algorithm has successfully been used to generate near complete roof
reconstruction from multiple images. The same approach for line and curves matching can
also be found in detail in Schmid and Zisserman (2000).
Shao et al. (2000) proposed a method to match segment features within multiple images.
Multiple view epipolar geometry is used to reduce the search space and matching candidates.
The edge segments are extracted first, and the cross-correlation method is used to provide a
set of initial matches. These initial matches are then filtered through a relaxation procedure
and are subsequently used to predict missing matches caused by occlusions, image noise, or
just the improper threshold in the feature extraction process. The prediction is realized by a
local affine transformation which is determined using the initial matches. The newly found
matches immediately become supporting evidence for neighboring feature correspondence.
The ambiguities are solved by a relaxation procedure.
Kim et al. (2000) presented an approach to detect and describe buildings of polygonal
rooftops by using multiple overlapping images of the scene. Firstly, 3D features are generated
by using multiple images, and rooftop hypotheses are generated by neighborhood searches on
those features. For robust generation of 3D features, a probabilistic approach is employed to
address the epipolar alignment problem in line matching. Image-derived unedited elevation
data is used to assist feature matching, and to generate rough cues of the presence of 3D
structures. These cues help reduce the search space significantly. Experimental results were
shown on some complex buildings. More details can be found in the dissertation of Kim
(2001).
By reviewing these algorithms and approaches mentioned above and many others, we
observed that most of the edge matching algorithms assume that conjugate edges or edge
segments in different images are almost exactly copies of each other. This assumption may be
true when dealing with small-scale images or images of flat terrain areas. However, the edges
or edge segments in large-scale imagery may look completely different due to the perspective
projection distortion. In addition, most of the methods mentioned above cannot handle
situations where an edge in one image is broken into more than one piece due to occlusions,
shadows and deficiencies in the edge extraction stages.

5.3.2 Edge Extraction
In our system, we use the Canny edge operator (Canny, 1986) to detect edges. The Canny
edge operator is based on an optimization framework using criteria of good edge location,
good edge direction and a single response to a single edge. The operator combines noise
reducing low-pass filtering with a derivation operation that makes the filter respond only to
changes in image intensity. It mainly contains the following steps:
1) Filter out noise in the input image before trying to locate and detect edges. Since the
original images have been pre-processed to reduce the noise level, in this step, we just use
the 3 × 3 Gaussian convolution mask to further smooth the images and meanwhile reduce
the location error for the detected edges.
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2) Find edge pixels by taking the gradient of the image. Here, the 5 × 5 Sobel operator
performs a 2D spatial gradient measurement on the images. Then, the absolute gradient
magnitude (edge strength) and the edge orientation are computed.
3) Automatically determine a threshold to discard non-edge pixels or noise features. This is
done by using an algorithm developed by Voorhees and Poggio (1987), by estimating the
noise in the image. A threshold T1 is calculated with a risk probability factor (for
removing edges that are not caused by noise) of 0.1-0.2% and the estimated peak of the
Rayleigh distribution. See (Voorhees and Poggio, 1987; Henricsson, 1996) for details.
This threshold is used with the intention on removing noise features. An example code for
this method can be found in http://www.esat.kuleuven.ac.be/~targetjr/IUEROOT/
Segmentation/Detection/Noise.C
4) Perform the non-maximum suppression. Non-maximum suppression is used to trace
along the edge in the edge direction and suppresses any pixel that is not considered to be
an edge pixel. This will produce a thin edge with one-pixel width.
5) Eliminate the streakings and link the edge pixels to form edges as long as possible. To
realize this, a hysteresis with two thresholds, a high and a low one, is used. For the low
one we use the threshold T1 determined in step (3). For the high threshold we take the
value T2 which is half of the maximum edge strength. Thus, any pixel in the image that
has the edge strength value greater than T2 is presumed to be an edge pixel, and is marked
as such immediately. Then, any pixels that are connected to this edge pixel and that have
the edge strength value greater than T1 are also chosen as edge pixels and they are further
linked.

Figure 5-15: Matching with straight edges (left) and the free-form edges (right).
Matching the straight edge B-C itself is almost impossible. However, if we match the freeform edge A-B-C-D as a whole, we may have a chance to reconstruct the straight edge
segment B-C by interpolation under the condition that we could match edge segments A-B
and C-D successfully.
Compared to the linking method proposed by Nevatia and Bau (1980) and Burns et al. (1986),
Canny’s linking algorithm relies on strong gradients and perfect connectivity and completely
neglects the gradient orientation information. However, since the input image has been preprocessed and the image textures have been strongly enhanced, we continue using this
algorithm. Additionally, the linking algorithms using the local orientation as primary
component usually generate straight edges. It is well-known that matching straight edges,
which are nearly parallel to the epipolar line, is impossible with a stereo image pair or a single
SI image strip. In this case, the free-form edges are better for matching. In Figure 5-15, an
example is shown. From Figure 5-15 (left) we can see that matching of the straight edge B-C
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itself is almost impossible because it is nearly parallel to the epipolar line. However, if we
match the free-form edge A-B-C-D as a whole (Figure 5-15 (right)), we may have a chance to
reconstruct the straight edge segment B-C by interpolation under the condition that we could
match edge segments A-B and C-D successfully. Obviously, since the edge segments A-B
and C-D are vertical to the epipolar line, they have high possibility to be successfully
matched.
The Canny edge operator is carried out independently on each image and finally only edges
above a minimum length (30 pixels for the SI images and 15 pixels for the satellite images)
are kept for further matching.

Fig 5-16: A portion of the SI nadir-viewing image (left) and the extracted edges and their
dominant points (right)
After the extraction of the edges by using the Canny operator, they are then approximated by
a series of straight edge segments using a polygon approximation algorithm proposed by
Grimson (1990). Edge points that connect these straight edge segments are refereed to as
dominant points, and most importantly, they have been taken as feature points and matched in
the previous point matching procedure (see section 5.2). Therefore, the successfully matched
dominant points can provide quite good approximations for edge matching. This polygon
approximation algorithm is quite easily to be implemented and it works as follows:
1) Given an edge, construct the line between its end-points and compute the maximum arcto-chord deviation of the edge from that line. The arc-to-chord deviation is defined as the
perpendicular distance of an edge point to that line.
2) If the maximum deviation exceeds some threshold, split the edge at that point, and replace
the original line with the two new straight line approximations between the old points and
the new one. According to Henricsson (1996) this threshold need not be a constant, it can
be determined by a function L(d) of the Euclidean distance d between the two end-points
of the current sub-segment:
(5.9)
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3) Repeat recursively steps (1) and (2) for each new segment, until all the segments have
small enough deviations.
4) Finally, test consecutive edge segments to see if they can be merged into a single straight
edge without exceeding the threshold on deviation. In order to construct as long straight
edges as possible, this step tests the merging of segments in the order of their total length,
i.e. it starts with the two segments that have the largest sum of distances between the endpoints. In our implementation, segments that have less than 4 edge points are also merged
into neighboring segments.
In Figure 5-16, an example of the extracted edges with their dominant points (right) is shown.
It illustrates the reliable performance of this algorithm, even for the smoothly changing
curved edges.
An image edge can be described by its geometric attributes, such as position, orientation and
length. These attributes can be used to compute the similarity measures in the subsequent
edge matching procedure. However, the extracted edges in different images may be quite
different due to the distortions caused by terrain relief and perspective projection. Edges in
one image may be occluded in other images and they may be broken into more than one piece
due to image noise and the deficiency of the edge extraction algorithms. Therefore, in our
system, only the orientation attribute for straight edge segments of an edge is used as useful
geometric attribute. Suppose that a straight edge segment has the following expression
Ax + By + C = 0
Where, x and y are the coordinates of the edge pixels, and A, B, C are the straight line
parameters to be determined. Let u is the average gradient orientation of the edge pixels along
the straight edge. With a vector V = (A, B)T the orientation of this straight edge segment AΘ
can be defined by the following vector v
(5.10)

Region attributes, which capture the surface properties that pertain to both sides of the edges
(Henricsson, 1996), can also be computed within the flanking regions of an edge. Firstly the
flanking regions are constructed for both side of each straight edge segment. The contrast
region attribute for each straight edge segment is defined as the average image intensity
difference (in the flanking region) between the two sides of the segment. Suppose (xi, yi) is a
pixel in the flanking region of an edge segment expressed by:
Ax + By + C = 0
The average intensity at one side of the flanking region with Axi + Byi + C < 0 can be
computed as af1 and similarly, the average intensity at another side of the flanking region with
Axi + Byi + C > 0 can be computed as af2. Thus the contrast of this edge segment is af2 - af1.
Furthermore, the edge sign can be defined according to the value of af2 - af1.
(5.11)
In addition, when the RGB color image is processed, we can compute the photometric and
chromatic region attributes, after a RGB to Lab color space conversion. The photometric
region attributes are computed by analyzing the L component, while the chromatic region
attributes are primarily derived from the a and b components.
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For computational efficiency, in each image the extracted edges are stored in a raster format,
i.e. a pixel indexes a line if there is one at that location. For each segment of the edge, its
orientation AΘ and edge sign AS computed by equation (5.10) and (5.11) are also stored.

5.3.3 Edge Matching
The task of edge matching is to establish edge correspondences over two or more images
acquired at different standpoints. The computation of the similarity measures from the
attributes of the edges such as length, orientation and absolute gradient magnitude is one key
point for edge matching. The determination of the search space is an another key point.
Obviously, without restricting the search space, all the edges in the search image can be
possible matches for a given edge in the reference image. In addition, to design an effective
and reliable edge matching algorithm, we have to consider the following situations that
happen frequently on high-resolution images:
(a) The corresponding edge in the search image may break into more than one segments due
to image noise, occlusions, shadows and the deficiencies of the edge extraction
algorithms. Some weak edges may appear only in the reference image but not in the
search images.
(b) The corresponding edge in different images may have completely different shapes due to
the perspective projection so that one should not assume that they are almost exact copies
of each other.
(c) There may be many similar edges in the search images.

Fig 5-17: Search space determination for edge pixels in case that an edge
segment has two successfully matched dominant (end) points
In this section, we describe our method for edge matching. It consists of 3 steps. In the first
step, a preliminary list of candidates is built up based on the similarity measures and the
constraints. First of all, the epipolar geometry constraint as well as the approximated DSM
derived from the higher-level of image pyramid is used to restrict the number of possible
matches. After restricting the necessary search space, matching candidates for edge pixels are
provided by using the GC3 algorithm. Then, the possible candidates are further checked based
on similarity measures which are computed from the geometric and region attributes of the
edges. The number of candidates can be further reduced by excluding those failing to meet
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certain thresholds for their similarity measures. In the second step, for each given edge, the
remaining candidates are checked for consistency, compared and finally the best is chosen.
The consistency checking is based on the figural continuity constraint and it is performed in
local neighborhood along the edges and solved by a probability relaxation method. In the third
step, the 3D edges are reconstructed in object space and expressed by a linear B-spline
function.

5.3.3.1 Compute Matching Candidates
After the edges have been extracted in all images, we compute the correspondences for the
edges based on evaluating their geometric and photometric attributes for disambiguation with
multiple images. In our system, the edges are approximated by connected straight edge
segments. The two end points of each straight edge segment are considered as the dominant
points. Thus, instead of using the whole edge for matching, we firstly use the GC3 algorithm
to compute the matching candidates for some selected edge pixels. The disparities or height
values of other edge pixels are interpolated by linear interpolation based on the reasonable
assumption that the disparities along the edges should be variable smoothly.
For each straight edge segment, we firstly select parts of edge pixels that are evenly
distributed along the edge segment with a certain step (for example 2-3 pixels), then the GC3
algorithm is performed to compute matching candidates. With the GC3 algorithm, the edges
can be matched within more than two images. Meanwhile, the epipolar geometry constraint as
well as the approximate DSM derived from the higher level image pyramid is employed to
restrict the search space for the edge pixels. The epipolar geometry constraint is fully
effective, since the residual y-parallaxes caused by the inaccurate image orientation
parameters have been compensated, so that the matching candidates only need to be searched
along the corresponding epipolar lines. As mentioned in 5.2.3, for each edge pixel, the search
space in search images can be determined by its approximate height Z0 and the possible height
error ∆Z. The computation of the approximate height Z0 and height error ∆Z is described in
5.2.3.
Additionally, the successfully matched dominant points can be used as anchor points for
further restricting the search space. When an edge segment has two successfully matched
dominant (end) points, the approximate height value for each edge pixels along this segment
can be firstly interpolated from these two dominant points and then the matching candidates
for the edge pixels can be found within a certain search distance. This is justified since a
straight edge segment in the reference image is not necessarily a straight line in object space
(Figure 5-17). When an edge segment has one successfully matched dominant (end) point, the
search distance is determined based on the assumption that the neighboring edge pixels
should have the similar height values. In this case, the matching starts from the edge pixel
which is closest to the successfully matched dominant point. The approximate height for the
current edge pixel is taken from the closest dominant point or the already matched edge pixel.
Its height error is computed by the following function:
∆Z = d GSD tan(60°)
(5.12)
Where, d is the distance (in pixels) between the matched edge pixel and the current edge
pixel, while GSD denotes the ground pixel size of the reference image. From equation (5.12)
it can be seen that the nearly vertical edges in object space are excluded.
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Figure 5-18: Definition of the binary correlation window mask ML (left) and MR (right).
After the determination of the search space, a preliminary list of matching candidates is then
built up based on evaluating a slightly modified SNCC function. In our implementation, for an
edge pixel, two SNCC values are computed between the image intensity values within a
masked correlation window. The larger one is taken as the final SNCC value for this edge
pixel. The idea behind this modified SNCC function is to restrict the calculation of the SNCC
function to some pixels of the correlation window. This prevents the smoothing effect caused
by utilizing pixels on the other side of the edges, which could well be surface discontinuities.
As shown in Figure 5-18, the masked correlation window can be implemented by using two
binary masks denoted as ML and MR. The mask MR is used to mask out all the pixels at the left
or upper side of the edges, while mask ML is used to mask out all the pixels at the right or
lower side of the edges. Thus, the SNCC function for the current edge pixel can be computed
as follows:

(5-13)

Where W and s denote the correlation window centered at point p0 in the reference image and
a point within this window, respectively. N denotes the number of the stereo pairs, si(Z) is the
corresponding point to s in the ith search image.
By excluding those candidates that have very low SNCC values, e.g. less than 0.5, a
preliminary list of candidates for the current edge pixel can be built up. There may be several
matching candidates within the search space. To solve this ambiguity problem, we perform
the following two steps sequentially:
(1) For each matching candidate in the object space, the corresponding pixel coordinates in
the search image can be calculated by back-projection. On one hand, in the search image,
if there is not an edge around that position, we have to use a more conservative SNCC
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threshold for accepting this candidate, e.g. 0.75. If the SNCC value is less than this
threshold, the candidate should be dropped. Otherwise the candidate should be kept. With
this verification, some weak edges in the reference image can also be matched even if
they may not be extracted in the search images. On the other hand, when there is an edge
around that position, the candidate has to be further verified in the next step.
(2) For the remaining matching candidates, firstly we check the edge sign attribute AS
computed by equation (5.11). Candidates with different edge sign to the given edge pixel
will be dropped. Then, we evaluate the difference of the edge orientation attribute AΘ
between the given edge pixel and its candidates. The edge segment orientation for an
edge pixel is computed by using the equation (5-10). Candidates with differences above a
threshold will be dropped. Considering the possible perspective projection distortion, this
constraint should not be too tight, for example 40° for SI images and 25° for highresolution satellite images. In case of matching with several different SI image strips, the
edge segment orientation must be compared in a slightly different way, since in SI images
the flight direction has a large effect on the edge orientations. We have to rotate the edge
segments according to the relative angle between two different image strips before
computing the orientation difference.

5.3.3.2 Consistency Checking by Probability Relaxation
After the first step described in 5.3.3.1, the given edge pixel may still have more than one
candidate. The problem is solved by integrating the figural continuity constraint through a
probability relaxation algorithm. The principle of this probability relaxation matching
algorithm will be described with more details in section 5.4. Here we just list the necessary
steps for edge matching. In principle, the algorithm imposes the figural continuity constraint
and examines the candidates by computing how much support they receive from their local
neighborhood along the edge. We select the candidate that gains the highest support as the
correct match for edge pixels. For each edge, the edge pixels that have only one candidate will
serve as “anchors” in this relaxation method. The algorithm works iteratively as follows:
1) The iteration scheme is initialized by assigning the corresponding reliability indicator,
defined in equation (5.8) to P(0)(i,j) for jth candidate of edge pixel ei.
2) For each pair of edge pixels (ei, eh) and their corresponding matching candidates Zj and Zk
(j,k = 1,…,m; m is the number of candidate(s)) within a small local neighborhood Ω(ei)
along the edge, compute the compatibility coefficient function according to the following
equation.
(5.14)
In equation (5.14) ∆Z expresses the difference of the height values between edge pixel ei
and its neighboring edge pixel eh. dih is the distance of two pixels ei and eh in image space.
As can be seen from this equation, the bigger the ∆Z or the larger the dih, the smaller the
compatibility C(i,j;h,k). This corresponds to imposing a smoothness constraint among the
matching candidates along the edge. The neighborhood Ω(ei) is defined as the set of 5
closest edge pixels to the current edge pixel ei. β is a scaling factor and is set to a constant
value experimentally.
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3) According to the following updating rule, the new matching probability at nth iteration for
each edge pixel and its candidate is computed.

(5.15)

The quantity Q(n)(i,j) in equation (5.15) denotes the support the match (ei, Zj) receives at
the nth iteration from the matches (eh, Zk) in its neighborhood Ω(ei).
4) Ideally the updating process will terminate when an unambiguous match result is reached,
that is when each point ei is matched with one candidate with probability 1.0, the
probabilities for all other candidate matches for this point being zero. In practice we
terminate the process if any one of the following two conditions holds:
4.1) For each edge pixel ei, one of the match probabilities P(i,j) (j=1,…,m) exceeds 1-ε,
where ε << 1 (for example, we set the value of ε to 0.1).
4.2) The pre-defined number of iterations has been reached.
When the updating process is terminated, the candidate which gains the highest probability
P(i,j) (j=1,…,m) is chosen as the final match for edge pixel ei.

5.3.3.3 3D Edge Generation
After the edges have been matched across images, the next step is to compute the 3D edges in
object space. In our edge matching procedure, the 3D positions of all edge pixels can be
obtained directly. Due to the fact that a straight edge segment in the reference image is not
necessarily a straight line in object space, the edges (in object space) have to be reapproximated by a series of straight edge segments in object space using a polygon
approximation algorithm described in section 5.3.2. The only modification here is that the
threshold values have to be multiplied with the ground pixel size. Edge points that connect
these straight edge segments are referred to as dominant points.
In order to perform the refined matching with least squares matching, the edges are expressed
by a parametric representation. The parametric representation of an edge is composed of 3
coordinate functions, each component being a function of the parameter t (in our case, the
linear B-spline function is used). A linear B-spline can be thought of as a polygon connecting
the nc control points, and the knots specify the parameterization of the polygon. To define a
linear B-spline, we have to specify nc control points and nc+2 knot values. In our approach,
the dominant points are used as control points and the parameter t of these dominant points
serve as the knot values. Thus an edge can be expressed as linear B-splines with nc control
(dominant) points C1(X1,Y1,Z1), …, Cnc(Xnc,Ync,Znc) and nc+2 knot values [t0,t1,…,tnc,tnc+1]
(t0=t1 and tnc=tnc+1). For t ∈ [tk, tk+1] we get:

(5.16)
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Where (X, Y, Z) are the object coordinates of an edge pixel (point). The functions Nk1(t) are
the normalized B-spline functions of degree 1, defined over the segment [tk,tk+1]. Usually the
shape of the curve represented by B-splines is strongly affected by the choice of the parameter
values t. In our case, we use the length parameterization which is defined as:
(5.17)

Where, edge point (X,Y,Z) locates between control (dominant) points
(Xk-1,Yk-1,Zk-1) and (Xk,Yk,Z k), np is the number of the control (dominant) points
From equation (5.16) it can be seen that an edge in object space can be represented as a linear
combination of degree 1 B-spline functions with the following notations:
(5.18)

Equations (5.16) can be represented as matrices:
(5.19)

5.3.4 Consistency Check for Matched Points
The successfully matched points (points that have only one matching candidate) must be
verified by the results of the edge matching. The basic idea is that the height value of the
point must be close to the heights of the neighboring edges (at least on one side) and
neighboring points. If a point is not verified, then it has to be removed from the matching set.
This step is necessary because these points will serve as “anchors” in the relational matching
procedure. One wrongly matched point may result in a cluster of mismatches within a local
neighborhood.
For each point under investigation we first have to determine its neighborhood. The
requirement is that the neighborhood should contain the directly connected points in the TINform DSM (including the edge pixels). The neighborhood should only contain the points on
one side if there is (are) neighboring edge(s) and the neighborhood should contain enough
points. The second criterion is implemented by checking whether the connecting line between
the current point and its neighboring point crosses an edge. Once the neighborhood is defined,
we can estimate a plane, expressed by equation Z=AX+BY+C, from the points and the edge
pixels within this neighborhood. Suppose σp is the standard deviation of the plane estimation.
If the point has a height value that differs more than 2.5 times of σp from this estimated plane,
the point will be removed and replaced by a “fill-back” point. This “fill-back” point will be
given an “artificial” candidate with the height value interpolated from the estimated plane and
a very small value as reliability indicator.
Obviously, the consistency check method presented here depends on the effectiveness and
success rate of the edge extraction and matching procedure. With this method, those surface
discontinuities characterized by low-contrast weak edges or unmatched edges may result in
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the consequence that some good points are removed. The gaps left can be replaced by the
“fill-back” points, but these points introduce smoothing effects around these surface
discontinuities. However, the most important is that the remaining points are reliable points
with sufficient local support.

5.3.5 Results and Discussion
The proposed edge matching algorithm has been implemented and many tests have been
carried out with images over different terrain and landcovers, which include mountainous
areas, rural, suburban and urban regions. The algorithm works quite successfully with
different image datasets. The test shows that more than 60% of the extracted edges can be
successfully matched. The success rate depends on the image resolution and terrain type.
Usually high success rate (more than 75%) can be achieved with high-resolution satellite
images such as the IKONOS and SPOT-5 images or with SI images over rural areas. In this
section, some test results are presented to demonstrate the effectiveness of the developed
algorithm. The used image data includes SI images and high-resolution satellite images.
In Figure 5-19, two examples of edge matching with high-resolution satellite images are
shown. The upper one shows a subimage (industrial area) of a 1 m resolution IKONOS stereo
pair overlaid with successfully matched edges, the lower one shows the edge matching results
of a 5 m resolution SPOT5 HRS images (rugged mountainous area). Our proposed edge
matching algorithm works well with these images. For the IKONOS images, almost all the
important line features such as the outlines of the houses, the borders of roads and the
shorelines have been correctly matched. For the SPOT5 images, also many important natural
line features such as ridgelines, border of lakes and roads have been correctly reconstructed.
However, some narrow and small roads in the mountainous area are missing in the SPOT5
image. This is mainly due to the fact that these edges are extracted as broken edges with very
short length, so that they have been excluded before matching.
Figure 5-20 and Figure 5-21 show examples of edge matching with the very high resolution
(ca. 4-5 cm) SI images. Edges matched in all three images are represented in green lines and
edges that are successfully matched in only two images are shown with red lines. These
examples demonstrate the performance of our matching algorithm in different cases. In Figure
5-20 cases of relative simple and difficult areas are shown. In Figure 5-20 (bottom) the
subimage contains distinct surface discontinuities, large occlusions and shadows caused by
buildings. Even the ordering constraint for image features is violated. Furthermore, there are
typically a lot of infrastructures surrounding the buildings and on the roofs, such as vehicles,
pipes, air condition units and other small facilities. Despite of these difficulties, our method
produces satisfactory results and most of the main features are correctly matched. In Figure 521 cases of repetitive texture patterns and occlusions are shown in the upper and lower
figures. In both cases, our edge matching algorithm works quite well.
Figure 5-22 shows edge matching results with SI images and the 3D visualization of the
reconstructed edges. The successfully matched edges exhibit very high details of the terrain,
which is very helpful for high-resolution DSM generation.
The experimental results show that our edge matching algorithm has a high success rate and
most importantly is very robust. With this method the edges (expressed by connected straight
edge segments) can be matched in more than two images simultaneously and it makes use of
the geometric and photometric attributes of the edges for disambiguation of the matching. The
method also allows matching in case of (partially) occluded edges, broken and weak edges.
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Figure 5-19: Edge matching with satellite stereo pairs.
Upper: 1 m resolution IKONOS images, lower: 5 m resolution SPOT5 HRS images
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Figure 5-20: Edge matching with SI images.
Green lines: matched edges in all three images. Red lines: matched edges in two images.
Upper: relatively easy matching area, lower: difficult matching area
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Figure 5-21: Edge matching with SI images.
Green lines: matched edges in all three images. Red lines: matched edges in two images.
Upper: image region of repetitive structures, lower: occluded area
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Figure 5-22: Edge matching with SI images.
Green lines: matched edges in all three images. Red lines: matched edges in two images.
Left column: three SI images overlaid with matched edges, right column: 3D visualization
of the reconstructed edges; the edges are rendered with different colors according to their
heights.

5.4 Relational Matching with Probability Relaxation Technique
In general, the GC3 algorithm uses the sum of normalize correlation coefficient (SNCC) as the
similarity measure and assumes the correct match should exhibit a clear and sharp SNCC
score. Although this algorithm with multiple images (more than two) and self-tuning
correlation parameters can reduce the possibility of mismatching caused by image noise,
repetitive texture structures and surface discontinuities to a certain extend, it relies on the
similarity measure between image intensity patterns in the local neighborhood of a point to
determine the matches. Therefore, it is in principle a local matching process. With the local
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matching process, a point in the reference image may match equally well with a number of
points in the search images. Thus how to determine the best match is still a problem that
disturbs us. In addition, As mentioned in sector 5.2.3, the grid points are used to create
uniformly distribution over the whole images. However, compared to feature points, grid
points have higher possibility to yield multiple candidates or even no candidate in matching
due to the fact that they are usually distributed regularly and thus many of them are located in
occluded areas or poorly textured areas. Therefore, a robust matching process should make
use of both the local and global information and, the final match should be achieved in two
matching stages, i.e. the locally and the globally. The local matching stage finds the possible
matching candidates while the global matching stage is responsible for imposing global
consistency among the candidates in order to disambiguate the multiple candidates and avoid
the mismatches.
In principle, primitives extracted from the reference and search images can be represented as
the nodes in a graph with the connecting arcs representing their interrelationships. The
properties of the primitives are encoded as the node attributes. The matching problem can
then be formulated as one of attributed relational graph matching or a structural matching.
The structural matching problem has been approached in many different ways (Davis, 1979;
Radig, 1984; Grimson and Lozano-Perez, 1987; Hancock and Kittle, 1990; Vosselman,
1992). The early attempts rely on graph searching techniques with heuristic measures. More
recent are the efforts based on energy minimization using simulated annealing, mean field
theory or deterministic annealing, and relaxation labeling techniques (Zhang et al., 1992;
Christmas et al., 1995; Zhang, et al., 2000; Pajares et al., 2000; Zhang, 2003).
In this section, we present a relaxation based relational image matching algorithm to solve the
global correspondence problem and base our method on the work of Christmas et al. (1995).
The algorithm imposes a piecewise smoothness surface constraint which is bounded by the
edges, examines the matching candidates by computing how much support they receive from
their local neighborhood and finally, selects the candidate that gains the highest supports as
the correct match. The important characteristic of this method that distinguishes it from the
local matching is its compatibility coefficient function and its smoothness constraint
satisfaction scheme. With the smoothness constraint, homogeneous or poorly textured areas
can be bridged over by assuming that the terrain surface varies smoothly over the area. At the
same time, the surface discontinuities can be preserved because the smoothness constraints
cannot cross the edges.

5.4.1 Review of Probability Relaxation Labeling Processes
Relaxation labeling is a technique originally proposed by Rosenfeld et al. (1976) and
developed to cope with uncertainty in sensory data interpretation systems. It uses contextual
information as an aid in classifying a set of interdependent objects by allowing interactions
among the possible classifications of related objects. In the image matching paradigm, the
problem involves assigning unique matches to a set of features in an image from a given list
of possible candidate matches. There are two main relaxation processes used in image
matching: the optimization based relaxation processes and the probabilistic based relaxation
processes (Pajares et al., 1998). In the optimization based processes, the matching is carried
out by minimizing an energy function that is formulated from the employed constraints. It
represents a mechanism for propagation of constraints among neighboring match features for
the removal of the ambiguity of the matching problem in an iterative manner. The Hopfield
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neural network is commonly used in optimization processes (Lee et al., 1994; Pajares et al.,
1998). In the probabilistic based processes, the initial probabilities of matches, established
from a local image matching process and computed from similarities in the feature values, are
updated iteratively depending on the matching probabilities of neighboring features and also
on the employed constraints (Kittler and Hancock, 1989; Li et al., 1993; Pajares et al., 1998).
In principle, these two processes are similar. We choose the probabilistic based processes.
In the works of Kittler and Hancock (1989), and Christmas et al. (1995) the probabilistic
relaxation process is made applicable to general matching problems and the matching
problem is formulated in the Bayesian framework for contextual label assignment. The
formulation leads to an evidence-combining formula which prescribes in a consistent and
unified manner how unary attribute measurements relating to single entities, relational
measurements relating to pairs of objects, and prior knowledge of the environment (initial
probabilities) should be jointly brought to bear on the object labeling problem. The theoretical
framework also suggests how the probabilistic relaxation process should be initialized based
on unary measurements. In the following, we will give a brief description of the framework of
the probabilistic relaxation process, for the detailed description and formula induction, please
refer to Kittler and Hancock (1989) and Christmas et al. (1995).
Suppose A = {a1, a2, …, aN} denotes a set of N objects of the scene to be matched. The goal is
to match the scene to a model. Each object ai has assigned a label θi, which may take as its
value any of the M model labels that form the set Ω: Ω = {ω1, ω2, …, ωM}. The notion ωθi
indicates that a model label is associated with a particular scene label θ i. At the end of the
relaxation process, it is expected that each object will have one unambiguous label value. For
convenience two sets of indices are defined as:
N0 ≡ {1, 2, …, N} and Ni ≡ {1, 2, …, i-1, i+1, …, N}.
For each object ai a set of m1 measurements xi is available, corresponding to the unary
attributes of the object: xi = {xi(1), xi(2), …, xi(m1)}. The abbreviation xi,i∈N0 denotes the set of all
unary measurements vectors xi made on set A of objects, i.e., xi,i∈N0 = {x1, …, xN}. For each
pair of objects ai and aj a set of m2 binary measurements is available Aij : Aij = { Aij(1), Aij(2), …,
Aij(m2)}. The same classes of unary and binary measurements are also made on the model. Thus
the theoretical framework of Bayesian probability for object labeling using probabilistic
relaxation is as follows: the label θi of an object ai will be given the value ωθi, provided that it
is the most probable label given all the information we have for the system, i.e. all unary
measurements and the values of all binary relations between the various objects. By
mathematical induction it can be shown that there is no need for the inclusion of all binary
relations of all objects in order to identify an object, and the most appropriate label of object
ai is ωθi given by
(5.20)
Where, P represents the probability of an event. Thus P(θi = ωλ) and P(θi = ωθi) denote the
probabilities that scene label θi is matched to model labels ωλ and ωθ, respectively. Under
certain often adopted assumptions, the conditional probabilities in this equation can be
expressed in a form that indicates that a relaxation updating rule would be an appropriate
method of finding the required maximum. Using the Bayes’s rule the desired solution to the
problem of labeling, as defined by equation (5.20) can be obtained using an iterative scheme
as follows:

- 121 -

5. Multiple Primitive Multi-Image Matching

(5.21)
Where
(5.22)
Where P(n)(θi = ωθ) is the probability at iteration n that scene label θi is matched to model ωθ
and P(n+1)(θi = ωθ) is the updated probability of the corresponding match at iteration n+1. The
quantity Q(n)(θi = ωα) expresses the support the match received at the nth iteration from the
neighboring objects in the scene, taking into consideration the binary relations that exist
between them and object ai. The density function p(Aij |θi = ωα, θj = ωβ) corresponds to the
compatibility coefficient which quantifies the compatibility between the match θi=ωα and a
neighboring match θj=ωβ. The compatibility coefficient has the value range from 0 to 1.
In order to apply the relaxation labeling theory to image matching, the following questions
have to be answered:
(a) How to associate the image matching procedure to the relaxation labeling theory
without loss of generality?
(b) How to define the initial probabilities and how to define the unary and relational
attributes?
(c) Which kinds of local and global constraints are employed in the matching procedure,
and how to map these constraints in equation (5.22), that is, how to define the
compatibility coefficients with the employed constraints?

5.4.2 Relational Matching using Probabilistic Relaxation Labeling Theory
In the point matching procedure, dense patterns of feature and grid points have been extracted
and their matching candidates (in object space) have been computed by using the GC3
algorithm. All the points can be categorized into 3 classes according to the quality measures
of the GC3 matching (see 5.2.3 for details): The points that have unique matches, the points
that have several candidates, and the points that have no matching candidates. The points of
the first class will serve as “anchors” in the global matching procedure. The third class points
are given several “artificial” candidates (with a very small value of reliability indicator),
evenly distributed within the search space.
As explained in the previous sections, the matching is the process of identifying the
corresponding features in multiple images that are cast by the same physical feature in object
space. In order to apply the probability relaxation labeling theory to our matching procedure
without loss of generality, we associate the images to the scene and the object surface to the
model. With this approach, we have to match the scene to the model and the matching
problem is now one of relaxation matching.
In our approach, the points in the reference image and their matching candidates in the object
space are the objects in the scene and model, respectively. Following the notation introduced
in Section 5.3.1, the set A of N objects is related to the set of N points in the reference images.
Each point is identified by its corresponding label θi. The matching candidates in the object
space are associated to the model labels that form the set Ω. Then the notation ωθi in the
relaxation labeling indicates that we wish to match a matching candidate in object space to a
particular point in the reference image.
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In the next step, we have to map the following commonly used local and global constraints
into our relaxation matching process and represent them with equations (5.21) and (5.22):
(1) Similarity constraint: The similarity constraint usually represents the similarity or
likelihood of individual match pairs. In the GC3 algorithm, the similarity measure is defined
as the sum of the normalized correlation coefficient (SNCC). Here we take the reliability
indicator that was defined in equation (5.8) for the similarity constraint, because it considers
not only the SNCC value itself but also the sharpness (slope) of the SNCC function of the
corresponding candidate.
Let ai be one of the points in the reference image, and let ωj (j=1,…,m) be its candidate
matches. As a result from the GC3 algorithm, each matching candidate ωj relates to an object
point with coordinates of (Xj, Yj, Zj). We then denote P(θi = ωj ) is the probability of matching
ωj to ai. In the terminology of the relaxation labeling techinique, it corresponds to the
probability that the label θi of an object ai will be given the value ωj. Therefore, in our
approach, the reliability indicator rmij for each pair of ai and ωj is used to define the initial
probability P(0)(θi = ωj) in the relaxation procedure. Similarly, let ah be one of the points within
the local neighborhood of point ai and, ωk (k=1,…,m) its corresponding candidate matches.
P(θh = ωk ) denotes the probability that the label θh of an object ah will be given the value ωk.
(2) Smoothness constraint: The smoothness constraint is a kind of so-called compatibility
constraint, which expresses the fact that pairs of matches within a local neighborhood are
mutually compatible. The smoothness constraint assumes that the neighboring point should
have similar disparities or similar terrain heights. Following the method proposed by Pajares et
al. (2000), we try to map the smoothness constraint by defining a compatibility coefficient
function, which corresponds to the density function in equation (5.22). As mentioned in 5.4.1,
in the probability relaxation matching algorithm, the updated probabilities computed
according to equation (5.21) are used to determine the final match among the matching
candidates. The compatibility coefficient function should be defined such that the probability
of a correct match can increase and the probability of any incorrect match can decrease during
the iteration.
For simplicity, we will change the notation. Given two neighboring points and their
corresponding matching candidates (ai , ωj) and (ah , ωk), throughout the remainder of this
section the matches (ai , ωj) and (ah , ωk) are denoted simply as (i, j) and (h, k) respectively,
and the probabilities P(θi = ωj ) and P(θh = ωk ) as P(i, j) and P(h, k) respectively.
In our approach, we incorporate Prazdny’s “coherence principle” model (Prazdny, 1985) to
define the compatibility coefficient function. The coherence principle model states that the
neighboring features should have similar disparities if they correspond to the same 3D
objects. Two neighboring features with similar disparities should support each other, while
features with dissimilar disparities should not interact with each other. To incorporate this
model, we define a function that specifies the amount of support between neighboring points
based on their disparities, or heights in our case. Prazdny set 3 rules for the definition of this
function: It should be inversely proportional to the difference of disparity; more distant points
should exert less influence; and the more distant the two neighboring points are, the less
serious should their height difference be considered. According to Prazdny’s rules, we define
the following compatible coefficient function C(i,j;h,k), which quantifies the compatibility
between the match (i, j) and a neighboring match (h, k):
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(5.23)
In equation (5.23), ∆Z expresses the difference of the terrain heights between point ai and its
neighboring point ah. dik is the distance of two points ai and ah in image space. As can be seen
from this definition, the bigger the ∆Z or the larger the dih, the smaller the compatibility. This
corresponds to imposing a surface smoothness constraint among the matching candidates.
However, the smoothness constraint might be violated in areas that contain surface
discontinuities. Therefore, we introduce a weighting factor T to control the continuity of the
terrain surface. As shown in Figure 5-23, considering the point ai and one of its neighboring
point ah within a neighborhood with radius R, if the connecting line between point ai and ah
crosses an edge, T will be set to a very small value, otherwise T equals 1. In our
implementation, the radius R of the neighborhood is defined as 3.0 times the intervals of grid
points. β is just a scaling factor and is set to a constant experimentally.

Figure 5-23: A neighborhood of the point a with radius R.
The surface continuity control factor T should be a very small value between
point pairs (a-f) and (a-d) in order to control the weight of the smoothness
constraint.
The compatible coefficient function C(i,j;h,k) plays an important role in the relaxation
matching approach. According to equations (5.21) and (5.22), the so-called global consistency
of matching can be achieved by an iterative scheme where the probabilities P(i,j) are updated
by the following rule:

(5.24)

Where, C(i,j;h,k) is the compatible coefficient function defined in equation (5.23), Ω(ai) is the
neighborhood of point ai, and n is the iteration number. The quantity Q(n)(i,j) expresses the
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support the match (i, j) receives at the nth iteration step from the matches (h, k) in its
neighborhood Ω(ai).
(3) Uniqueness constraint: Under the assumption of an opaque object surface, each point in
the reference image should correspond to a unique point in object space. This constraint is
implemented as selecting the candidate that gains the highest support as the correct and
unique match after the updating procedure defined in equation (5.24) converges.
After mapping the similarity, the smoothness and the uniqueness constraints, the relational
matching procedure is achieved by allowing the system to evolve so that it reaches a stable
state, that is, when no changes occur in the matching probabilities during the updating
procedure. To summarize, our relaxation based relational matching procedure works as
follows:
1) The iteration scheme can be initialized by assigning the corresponding reliability
indicator to P(0)(i,j).
2) For each pair of points within a small local neighborhood and their corresponding
matching candidates, compute the compatible coefficient function according to equation
(5.23).
3) According to the updating rule (equation (5.24)), the new matching probability at the nth
iteration for each point and one of its candidates is computed.
4) Ideally the updating process will terminate when an unambiguous match result is reached,
that is when each point ai is matched with one candidate with probability 1.0, the
probabilities for all other candidate matches for this point being zero. In practice we
terminate the process if any one of the following two conditions holds:
4.1) For each point ai, one of the match probabilities P(i,j) (j=1,…,m) exceeds 1-ε, where
ε << 1 (for example, we set the value of ε to 0.1).
4.2) The pre-defined number of iterations has been reached.
5) When the updating process is terminated, the match which gains the highest probability
P(i,j) (j=1,…,m) is chosen as the final match for point ai.

(a)

(b)

Figure 5.24: DSM results of the relaxation based relational matching procedure (a) without
and (b) with introducing the edges as breaklines
The important aspect of this method that distinguishes it from other local matching algorithms
is its compatible coefficient function and its smoothness constraint satisfaction scheme. By
using this method, we can bridge over poorly textured areas by imposing the local smoothness
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constraints. The matched edges are introduced to control the smoothness constraints in order
to preserve the surface discontinuities.
In Figure 5-24, we show two DSMs of the same suburban area. One of them was generated by
using the relational matching procedure without introducing the edges as breaklines (Figure
5-24(a)) while the other one was generated with edges functioning as breaklines (Figure 524(b)). Although in open areas and most regions of the roofs, both versions produce
satisfactory results, the former one suffers significant from smoothing effects at the surface
discontinuities, because the smoothness constraint is applied everywhere without considering
the surface discontinuities. However, as shown in Figure 5-24(b), with the edges functioning
as breaklines, the surface discontinuities are well preserved in the resulting DSM.

5.5 Matching Through Image Pyramids
In the MPM matching approach, the image pyramid is used to implement the coarse-to-fine
hierarchical matching strategy. With this strategy, matches obtained at a coarse resolution are
used as approximations to guide and limit the search space, and to adaptively determine the
matching parameters for the matching of finer-resolution features. The MPM matching
approach starts with an initial matching at the lowest resolution pyramid level, where the
influence of image noise is reduced and coarse approximate values are sufficient to stay
within the pull-in range of the matching procedure. In addition, In the low resolution images,
the regions of interest for correspondence analysis in levels of higher resolution can be found
at low cost because irrelevant details are no longer available there. The computations are
usually performed successively on each level of the hierarchy using the results of the higher
level as approximate information.

5.5.1 TIN form Intermediate Surface Model Generation
At each pyramid level, an intermediate terrain surface is reconstructed from the reconstructed
mass points and edges and, is modeled under the triangular irregular network (TIN) form by a
2D constrained Delaunay triangulation method. With this method, all edges are constrained to
be sides of triangles; mass points (including feature and grid points) are introduced in the
triangulation so that the vertices of triangles will always be points. A triangle is formed if the
circle passing through the three points contains no other point. Edges may be subdivided
individually if their segments are longer than the mean length of the triangle sides (Tarvydas,
1983). In TIN form DSM, the triangle references its three nodes, which are stored in a node
list and contain only one attribute, i.e. the terrain height, in our case. In addition, each triangle
has references to its three adjacent triangles. The basic triangulation generation software that
we use is the “Triangle” described with details in http://www-2.cs.cmu.edu/
~quake/triangle.html. “Triangle” is a C program with open sources for 2D mesh generation
and construction of Delaunay triangulation, constrained Delaunay triangulation, and Voronoi
diagrams. The software is fast, memory-efficient, and robust; it computes Delaunay
triangulations and constrained Delaunay triangulations exactly. It is quite suitable for our
work because the generated DSMs are 2.5 dimensional. Therefore, with some modifications,
this software was integrated into our system for TIN-form terrain surface model generation.
This TIN-form intermediate surface model in turn is used in the subsequent pyramid levels
for providing the approximations and adaptively computing the matching parameters. In
general, a TIN is suitable for surface modeling, because it integrates all the original matching
results, including points and line features, without any interpolation. The matched edges serve
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as breaklines so that there is no triangle across these edges. It is adapted to describe complex
terrain environments that contain many surface microstructures and discontinuities. TIN is
also an efficient data structure for easily defining the local neighborhood of a given feature.
Finally the raster surface model can be interpolated from a TIN-form surface model. Thus,
while the matching procedure goes through the image pyramids, the surface model computed
from the higher level of image pyramid is successively refined at the lower level and finally,
the dense and accurate surface model is reconstructed.

5.5.2 Initial DSM Computation for the Highest Level Pyramid
When we say, “the approximate DSM derived from the higher-level image pyramid”, we
mean that there must exist an initial DSM. In many other image matching approaches, the
initial surface model can be defined as a plane with constant terrain height. This kind of initial
surface model may be good enough for many applications. However, in our system, in order
to provide better and more realistic approximations, even in areas that have very large terrain
height variation, the initial approximated DSM for the highest level image pyramid was
extracted by the GC3 algorithm based on a “region growing” matching strategy. This method
uses the already measured control points and tie points as seed points and matches the points
under the assumption that points in a local neighborhood should have the similar terrain height
values (Otto and Chau, 1988). Considering the image pyramid generated with a resolution
decimation step of 3 and with 4 pyramid levels, the resolution of the highest level is only 1/27
of the original image resolution. Therefore, this method is justified because the terrain surface
could be treated as continuous and smooth in this kind of low resolution image.
The basic matching algorithm of the original method proposed by Ott and Chau (1988) is the
least squares matching and only an image stereo pair is matched. Here we take the GC3
algorithm as the basic matching algorithm so that multiple images can be matched
simultaneously. The basic matching procedure works as follows:
Firstly, the reference image at the highest image pyramid level is divided into small image
patches and within each patch a feature point is extracted by using the Lü operator. If there is
no feature point that can be extracted within some patches, the center point of the patch is
chosen as the “feature point”. This provides an easier way for defining the neighborhood (8neighborhood) of a point. In our system, the size of the image patch was set to be 9 × 9 pixels.
Next, an initial point list is generated from those already measured ground control points and
possibly tie points. The first point of this list is chosen as a seed point and obviously, the
height of this seed point is known. Then, one of the neighboring points is assumed to have the
same height and its correct height as well as the corresponding SNCC value can be computed
by the GC3 algorithm. To speed up the whole procedure, a fixed correlation window with size
of 9 × 9 pixels is used. The same is done for the 8-neighboring points around the seed point.
The results for other 8 neighbors of the current seed point are entered in the list in the order of
decreasing value of the SNCC function. In this way, the whole overlapping area of the images
is processed, and finally the initial surface model can be computed after a filtering process
with the median filter in order to eliminate some mismatches.
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Chapter 6: Least Squares Approach to Refined Matching
The MultiPhoto Geometrically Constrained Matching (MPGC) algorithm, combining grey
level matching with geometrical constraints derived from multiple image ray intersection
conditions and a priori knowledge about the image orientation elements, is a general and
flexible technique for different image matching problems (Gruen, 1985; Baltsavias, 1991). It
permits a simultaneous determination of pixel and object coordinates and allows for
simultaneous matching with any number of images. The achieved accuracy is usually at subpixel value. In this chapter, the standard MPGC algorithm is modified and extended in order
to process linear array images and provide refined matching for points matched in the
previous MPM matching procedure.
Firstly, the standard MPGC algorithm is extended by integrating the geometric constraints
derived from the linear array sensor models. The DSM computed from the MPM approach,
provides quite good approximations and certainly increases the convergence rate. In addition,
the initial values of the shaping parameters of the MPGC algorithm can be predetermined by
using the image geometry and the derived DSM. Thus, multiple linear array images, even
with different image resolution and orientation, can be matched straightforwardly. Partial
(incomplete) matching, with non-square or non-centred image patches, also helps to ease the
problems caused by distinct surface discontinuities and occlusions.
Secondly, we follow the algorithms proposed by Li (1997) and implement a simplified
version of the Least Squares B-Spline Snakes (LSB-Snakes) to match the edges, which are
represented by parametric linear B-spline functions in object space. LSB-Snakes can be seen
as an extension of the standard MPGC algorithm. With this method, the parameters of linear
B-spline functions of the edges in object space are directly estimated, together with the
matching parameters in the image spaces of multiple images.
In the following, we will firstly give a description of the evolution of the Least Squares
Matching (LSM) techniques in 6.1. The modified MPGC algorithm as well as some practical
considerations for point matching will be presented in 6.2 and finally we will describe the
refined edge matching by means of LSB-Snakes in 6.3.

6.1 Overview of the Least Squares Matching Technique
Least Squares Matching (LSM) is the most accurate image matching technique, and the
location of the match can be estimated with an accuracy of up to 0.01 pixels (Ackermann,
1984). Similar to the widely used cross-correlation methods, it is based on the similarity of
gray values between small image patches, i.e. the sum-of-squared differences. In its simplest
form, LSM can be modeled with a 4-parameter transformation: 2 translational parameters for
the geometric part and 2 linear parameters for the radiometric part. These 4 parameters can be
estimated with least squares methods and, at this point it is almost equivalent to the traditional
normalized cross-correlation maximization procedure. Ackermann (1984), Foerstner (1984)
and Gruen (1985) expanded the geometric patch mapping function from image to image into
a complete linear 6-parameter affine transformation, corresponding to an inclined planar
surface patch in object space. As long as the image patch can be kept small enough this 6parameter transformation is already a good surface approximation for a local area. Thus, the
image matching has been converted into a conventional nonlinear least squares estimation
procedure and statistical investigations can be performed easily. Further intensive
investigations on this 8-parameter (6 parameters for geometric transformation and 2 others for
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radiometric transformation) based LSM resulted in the findings that it can attain high
accuracy depending on the signal-to-noise ration and on the signal bandwidth. These findings
also resulted in the development of a well-known “interest” operator – the Foerstner operator.
It has been widely used to detect feature points that are suitable for successful, precise and
reliable least squares matching (Foerstner and Guelch, 1987).
In order to improve the computational stability of the matching, LSM has been expanded to
process more than two images, and to integrate all available geometrical constraints (Gruen,
1985; Gruen and Baltsavias, 1988; Baltsavias, 1991). When the orientation parameters of the
images are known, the conjugate point of the center of the template patch is known to lie on
the epipolar line in the search image. Therefore, a constraint generated by image ray
intersection conditions can be formulated on the 2-translational parameters between the two
image patches. When more than two images are available, one image can be taken as a
template that is matched to multiple images simultaneously. In addition, the works of Gruen
(1985), Rosenholm (1987), Rauhala (1986) and Li (1989) have marked an important step for
LSM toward a unified surface reconstruction method. In these methods, the object surface is
represented as a set of connected planar patches. The parameters of the above mentioned 6parameter image patch transformation, including a constant x-parallax for a total image patch
of the reference image relative to the search image, is now expended into a 2D image space
function with bilinear finite elements. Thus the LSM develops from a point-by-point-based
matching procedure into a general surface reconstruction procedure (Wrobel, 1991).
Several authors further generalized the matching problem by formulating it in object space
instead in the image space of the template, for instance, the Object-Space Least Squares
Correlation proposed by Helava (1988) and the Facets Stereo Vision (FAST) proposed by
Wrobel (1987). Within these procedures, they introduced the heights of a DSM grid Z(X,Y)
and the grey values of an orthophoto G(X,Y) as the unknown parameters in the least squares
estimation. Approximate values for the heights in the object space Z0(X,Y) are assumed to be
known. Using these approximate values and the known orientation parameters of the images,
approximate values for the gray values of the orthophoto G0(X,Y) are obtained by projecting
the grey values of the image onto the approximate DSM. For each pixel of the orthophoto,
observation equations can be formulated for all images. These equations relate the grey values
in the images to the unknown increments to the grey values of the orthophoto and the heights
of the DSM according to the following procedure:
• Assuming G0(X,Y) be the approximate grey value of a pixel (X,Y) in the orthophoto. The
approximate height Z0 at position (X,Y) is determined by bilinear interpolation in the
approximate DSM.
• With the already known image orientation parameters, the object point (X,Y,Z0) can be backprojected into each of the images. For n images this results in n image positions (ui,vi),
i=1,…,n. Grey values gi(ui,vi) at these positions are determined by bilinear interpolation.
• There will certainly be differences between the grey value G0(X,Y) of the orthophoto pixel
and the interpolated image grey values gi(ui,vi) due to the small errors in the approximate
values of the orthophoto and the DSM. These differences can be expressed as a function of an
incremental error in the orthophoto grey value and the incremental errors in the heights of the
four neighboring DSM grid points used for height Z0 interpolation.
• In order to correct or compensate the brightness and contrast differences between the
images, a radiometric transformation between the grey values of the orthophoto and the grey
values of the images can be modeled by a linear transformation for each image.
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Thus, the original LSM has evolved into a new object surface reconstruction method. It can
be applied to more than two images for simultaneous evaluation even without favoring one of
them as reference image, therefore, there is no “salve” images anymore; the matching
procedure from image to image is regarded as an obstacle and a roundabout way to object
surface reconstruction, therefore image matching is done directly from image space into
object space; it has combined of processes separated so far into unified approach of object
surface reconstruction, which includes image matching, DSM generation, and orthophoto
generation; multiple sensor imagery can be more easily integrated and the conversion of
correlation maximization to least squares parameter estimation has proven to be a very
suitable image data processing tool, and it allows a strict control and analysis of the error
propagation for DSM data. The basis of the new developments of the LSM in
photogrammetry is the so-called image-inversion approach. In essence, it is a mathematical
model of what has happened physically between a surface element at the object, illuminated
by a light source, and the grey value of the corresponding pixel in image (Wrobel, 1991). This
relationship should be modeled as complete as possible for scientific research, but for
practical applications we have to be satisfied with a reasonable feasible model. For more
details about this model please refer to (Wrobel and Weisensee, 1987; Weisensee, 1988).
LSM, as a unified object surface reconstruction method, has become a highly adaptable
mathematical model with many parameters so that it suffers from small radius of
convergence, slow convergence and difficulties to guarantee a unique and stable solution. To
overcome these general problems, regularization and multi-resolution image processing are
often used (Terzopoulos, 1986, 1988). In addition, how to efficiently solve possible large
systems (for instance, in case of multi-point Least Squares matching) is another problem for
LSM. Besides the traditional Newton-Gauss solution procedures, multi-grid relaxation
(Terzopoulos 1983; Li, 1989) and array algebra algorithms (Rauhala, 1986) could be applied.
Furthermore, LSM is very sensitive with respect to the quality of the approximations; they
have to be known with an accuracy of a few pixels. For that reason, LSM is often used to
improve accuracy as a final step following the application of another matching technique, e.g.
cross-correlation, for establishing the approximations. Just as cross-correlation method, LSM
will fail if the two image patches are not similar; it is especially confronted with problems if
there are occlusions due to surface discontinuities.
Applications of LSM are mainly related to high-accuracy ones, such as high precision DSM
generation from aerial photos and satellite images, (tie) point transfer for aerial triangulation,
industrial objects and environment measurement, object surface reconstruction in close-range
photogrammetry, camera calibration with test-field, detection and tracking signalized points
mounted on moving targets and so on. Expansions of LSM such as least squares template
matching (Gruen and Stallmann, 1991; Gruen and Agouris, 1994) and more general one –
Least Squares B-spline Snakes (LSB-Snakes) (Gruen and Li, 1996; Li, 1997) can be used for
feature extraction, object outline matching and tracking, and semi-automatic road or building
extraction.

6.2 Refined Point Matching with Modified MPGC Matching
MPGC (MultiPhoto Geometrically Constrained Matching ) can be seen as an extension of the
original LSM. MPGC considerably improves LSM by using two new elements: Firstly, the
exploitation of any a priori known geometric information to constrain the final solution and
secondly, the simultaneously use of any number (more than two) of images. These new
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elements reduce the search space to a conditional 1D search, improve the accuracy and
especially the success rate and the reliability of matching. The mathematical model of the
algorithm is formulated in terms of a joint least squares adjustment. The observation
equations consist of the equations formulating the grey value matching and those expressing
the geometric constraints. The two parts of observation equations are related to each other
through common unknown parameters. The geometric constraints are the collinearity
conditions extended by additional parameters modeling systematic errors, assuming that the
interior and exterior orientation of the image sensors are known. Thus, MPGC permits a
simultaneous determination of the pixel and object coordinates.
In our system, the standard MPGC approach is extended in order to be applied to linear array
images and it is used for refined point matching. Approximate values for these points have
been computed by using the MPM matching approach described in chapter 5. In the following
sections, we will give details on the derivation of the corresponding observation equations for
point matching by using the linear array images. Some practical considerations and examples
will also be presented.

6.2.1 Grey Level Observation Equations
Assume a sequence of i (i = 0, 1, …, n) linear array images are taken from different CCD line
sensors. They are 2D discrete approximations of the object surface radiance imaged on the
sensor’s focal plane. Assume that one object in the object space is represented in these n+1 (n
≥ 1) images by image functions which are subsets of the images. Here we call these image
functions as image patches. The image patch can be a square or rectangular image window of
the original whole image or a more general one in case of line feature extraction and
reconstruction (Li, 1997). In addition, the values of the image patch are not limited to the
image intensity values, they also can be other quantities derived from them, for example the
gradient strength of the intensities. Among these image patches, one of the image patches
(e.g. i = 0), g0(x,y) serves as the reference image patch, whilst the remaining patches gi(x,y),
i =1, ..., n, are called search patches. In terms of least squares adjustment, the reference patch
g0(x,y) can be interpreted as an observation of the search patch gi(x,y). Thus nonlinear
observation equations are established as:
(6.1)
Where, g0 and gi are the image intensities (grey values) of the reference image and the ith
search image, respectively. ei(x,y) is a true error function. Tr denotes the radiometric
transformation, which models the radiometric differences between the grey values of the
image patches. While Tg expresses the geometric transformation, which models the geometric
differences between the grey values caused by factors such as perspective differences,
different distances and observation angles of the sensors to the object.
According to (Baltsavias, 1991), the investigations in terms of the flexibility of
implementation, control of the parameters, stability of the solution, quality analysis and
computational speed, lead to the conclusion that the radiometric transformation should not be
included in the least squares matching procedure. Instead, Tr should be applied to the grey
values prior to the joint adjustment, with the image pre-processing methods such as Wallis
filtering. In our approach, the images have been pre-processed by using the method described
in chapter 4 and the naturally occurring brightness and contrast differences have been
compensated. Therefore, we omit the radiometric transformation between the grey values of
the image patches. Thus, equation (6.1) can be expressed as:
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(6.2)
Equation (6.2) gives the least squares observation equations, which model the image function
g0(x,y) with functions gi(x,y). Linearization of equation (6.2) with respect to the pixel
coordinates (x,y) and omitting the higher order terms results in:
(6.3)
When matching is performed locally, the suitable geometric transformations include the
translational shifts, the affine transformation or the projective transformation. Because of the
very small field-of-view angle of an image patch, an affine transformation is considered to be
satisfactory to model the geometric transformation between the grey values, with a reasonable
assumption of a locally planar object surface.
(6.4)
The first order differentials of equation (6.4) can be expressed as
(6.5)
with the simplified notation:
(6.6)
Combining equations (6.3) and (6.5) we obtain
(6.7)
With the notations

(6.8)

equations (6.7) result in the Gauss-Markov estimation model
-e(x,y) = AX-l; P (weight coefficient matrix of l)
(6.9a)
with the statistical expectation operator E and the assumption
E(e) = 0, E(eeT) = σ20P-1
(6.9b)
Equations (6.9) describe the grey level observation equations of the (modified) MPGC
algorithm. They form a system of n sets of observation equations, each set consisting of M ×
N equations (M, N is the dimensions of the image patches in x and y direction). The n sets are
orthogonal to each other since they do not have any common unknown parameters. This is
equivalent to solving the n sets independently of each other in n separate least squares
adjustments.
Because of the nonlinearity of the system, the final solution has to be obtained iteratively. As
can be seen from equations (6.9), all the elements of the design matrices Ai depend on the
grey level derivatives gix and giy, which in turn depend on the grey values in the image
patches. Additionally, in each iteration, after the geometric transformation of the search
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patches, the new grey values must be interpolated from the search images. Considering both
the interpolation quality and the required computational time, we choose the bilinear
interpolation method.
According to the investigations made by Baltsavias (1991), reducing the high frequency
contents of the image patches leads to an increase of the convergence radius and rate. We take
two ways to achieve this purpose. The first method relates to the computation of the grey
level derivatives gix and giy from the discrete image grey values using the following equations:
(6.10)
Secondly, we compute the design matrices Ai from the average of the reference and each
search image patch and update the matrices Ai in each iteration. The logic behind this method
is that if the reference and search patches differ considerably due to distortions, image noise,
etc, then this averaging will smooth the differences between reference and search patches,
helps convergence and gives a more balanced description of the actual situation.
Additionally, since the grey values are actually stochastic quantities, the elements of the
design matrices Ai are also stochastic and not deterministic and a strict estimation procedure
should take this factor into account. However, in order to avoid unnecessary complications
and the difficulty of assigning probabilities to the grey values, the Ai matrices are simply
assumed to be deterministic and the standard least squares adjustment is applied.

6.2.2 Geometric Observation Equations
Geometrical constraints have been proven to strengthen matching in terms of precision and
reliability and can be included in the model when information on the sensor orientation model
is available. If image patches from more than one image are to be matched simultaneously,
the 3D coordinates of the matching point in object space can be obtained directly from the
matching procedure. In this case, a set of external geometric constraints can be generated by
image ray intersection conditions and a priori knowledge about the image orientation
elements (Gruen, 1985; Gruen and Baltsavias, 1988). If one reference and n (n ≥ 1) search
image patches are to be matched, the n sets of grey level matching equations can be
formulated in the form of equation (6.9). If the image forming process followed the law of
perspective projection, for each object point (X, Y, Z), a set of n+1 collinearity equations can
be expressed as:
(6.11)
with

(6.12)

If the interior and exterior orientation parameters, i.e. camera focal length c, positional and
angular elements of the image perspective center (X0, Y0, Z0, ϕ, ω, κ), of each image are given
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or computed from the object control information. Then the unknowns to be determined in
equations (6.12) are the image coordinates (xi, yi) of the point and its 3D object coordinates
(X, Y, Z). Linearization of equation (6.12) with respect to these unknown parameters results
in:
(6.13)
In the detailed implementation, one should note that the geometric constraints provided by
camera models are only applied to the points, normally defined as to the center of the image
patches. However, the grey level observation equations are applied to all pixels within the
image patches. At this point it should be mentioned also that the corrections (∆xi, ∆yi) in
equation (6.13) are generally different from the (∆ui, ∆vi) in the grey level observation
equations (6.9), since the collinearity equations are expressed in the image coordinate system
while the grey level observation equations are given in the pixel coordinate system. To relate
the grey level observations with the geometric constraints, one has to establish the functional
relationship between the image and the pixel coordinate systems and this can be achieved in
different ways, see (Baltsavias, 1991) for details.
To apply the geometric constraints for linear array images, we have to make some
modifications. This is mainly due to the fact that each line of the linear array image is
collected in a pushbroom fashion at a different instant of time. Therefore, the collinearity
equations are only valid for each image line whereas it is close to a parallel projection in
along-track direction, and there is in principle a different set of (time-dependent) values for
the six exterior orientation elements for each line. Considering this characteristic of the linear
array images, there are mainly two ways to apply the geometric constraints:
(1) According to (Baltsavias and Stallmann, 1992; Pateraki et al., 2004, Pateraki and
Baltsavias, 2003), the geometric constraint can be expressed and applied in image space
with their sensor models and the orientation information. In these methods, the geometric
constraint observation equations are introduced by means of epipolar line equations or by
more generalized polynomial equations. To derive the epipolar polynomial equations, an
approximation of height Z and an alteration factor ∆Z is required. Then the point on the
reference image is projected on different height planes and the sets of epipolar points on
the search image are determined. The epipolar curve equations are then computed by least
squares fitting of a curve:
(6.14)
Where, (am, …, a1, a0) are the polynomial coefficients and (xi, yi) are image coordinates in
ith search image. Thus the geometric constraints can be expressed as a set of additional
observations
(6.15)
describing the fact that the points in the search images must move along the epipolar
lines/curves. This method is easier to implement, has low computational costs and is
basically suitable for any types of images including the linear array images. However, it
does not permit a simultaneously determination of the pixel and object coordinates and,
other geometric constraints expressed in the object space, such as those that force points
to lie along straight lines or on planes, force lines or planes to be vertical or parallel, etc.
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(2) Derive the geometric constraint observation equations directly from the sensor models of
the linear array images. The sensor model could be a rigorous one expressed in equation
(2.7) or a generalized one expressed in equation (2.13). This is the approach that we use
in our refined matching procedure.
Both equations (2.7) and (2.13) directly express the relationships between the image pixel
coordinates (u, v) and object coordinates (X, Y, Z). Since both equations are nonlinear, they
have to be linearized by expanding them into a Taylor series and keep only the zero and first
order terms. This procedure for equations (2.13) is somehow straightforward, however,
linearization of equation (2.7) is more complex. For this purpose, equations (2.7) can be
rewritten as following:

(6.16)

As can be seen from equation (6.16), for each point in the linear array image, its image
coordinates (xi, yi) are functions of the pixel coordinate (image column number) vi (see
equation (2.1)) while the six exterior orientation elements (X0, Y0, Z0, ϕ, ω, κ) are functions of
the pixel coordinate (image row number) ui. Here i = 0,1,…,n, denotes the index of the
images. Linearization of equation (6.16) with respect to the unknown parameters (ui, vi, X, Y,
Z) results in
(6.17)
Where the derivatives of the second terms can be obtained as:
(6.18)

To compute the derivatives in equations (6.18), we need to know the analytical functions of
six exterior orientation elements (X0, Y0, Z0, ϕ, ω, κ) with respect to the pixel coordinate
(image row number) ui. It means that we have to know the functions of the time-dependent
exterior orientation parameters. For spaceborne linear array sensors, their orbit trajectories are
smooth and stable so that we can fit these functions locally by low order polynomials. On the
contrary, trajectories of the airborne linear array sensors show more irregular forms due to the
unpredictable motions of the aircraft. Fortunately, the pull-in range of the least squares
matching, as compared to the whole trajectory, is very small and it is usually several pixels,
i.e. the pixel coordinates change only a little. Therefore we represent the exterior orientation
parameters as quadratic polynomials of the pixel coordinate ui by fitting them in a local
segment (20 pixels) of the flight trajectory data.
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In the least squares matching framework, the geometric constraints expressed in equation
(6.17) are usually treated as observations with associated weights. The most important
advantage of the weighted observation model is the flexibility to take the quality of the
camera models into account by adjusting the weights of the imposed geometric constraints.
(ui, vi) of the grey level observation equations (6.7) and (ui, vi) in geometric observation
equations (6.17) are the common unknown parameters.
Thus, with notations

(6.19)
X = vector of all parameters, including those in grey level observation equations
Bi = design matrix of the coefficients of the parameters for image i (i=1,…,n)

we obtain the geometric observation equations
-eg = BX-lg; Pg (weight coefficient matrix of lg)
(6.20a)
with the statistical expectation operator E and the assumption:
E(eg) = 0, E(egegT) = σ20Pg-1
(6.20b)
Equations (6.9a) and (6.20a) form a joint system and they are connected by means of the
common translation parameters (ui, vi) that appear in both sets of equations. The least squares
solution for this joint system gives
(6.21)
In the joint least squares adjustment system, the determination of the weights for the
geometric observations is critical. Assume that the geometric observations are uncorrelated
and all the observations are equally precise, the weights are computed according to:
pg = σ20/σ2g
(6.22a)
Where, σg denotes the standard deviation of the geometric constraints.
In order to make the constraints fully effective, a small standard deviation must be used,
otherwise the image forming rays are not forced to intersect and this happens when the
matched points are no corresponding points, i.e. mismatched. As can be seen from equations
(6.21), both parts of the observation equations contribute to the final solution. If the standard
deviation of the geometric observations is too small, then the grey level observations do not
influence the solution any more, which is of course undesired. In our implementation, the
standard deviation of the geometric constraints is basically determined according to the
accuracy of the known image orientation parameters. It could vary in the different iterations
and the smallest value is limited to 0.05 pixel.
Another consideration for the determination of the weights emerges from the fact that the
geometric constraints (6.20a) are only applied to the center point of the image patches,
however, the grey level observation equations are applied to all pixels within the image
patches. Thus the weight for geometric constraints becomes relatively small when a large
image patch size is used. To take these factors into account, we follow the method proposed
by Li (1997). The weights of the geometric observations are thus computed as:
pg = Cg(σ20/σ2g)
(6.22b)
Here the constant value Cg is taken as the average of the squared grey level derivatives:
(6.23)
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6.2.3 Practical Considerations and Results
Since the (modified) MPGC is based on a nonlinear least squares estimation, it has to be
solved iteratively. Care should be taken in terms of providing good enough approximate
values, determinability of the shaping parameters, selection of suitable image patch shape and
size, speeding up the convergence rate, weighting the geometric constraints, avoidance of
oscillations and even divergence in case of occlusions and discontinuities. In our system, the
modified MPGC algorithm is only applied to the original resolution images. The matching
results from the previous MPM matching are used for approximations and they are refined by
using the modified MPGC in order to achieve potentially sub-pixel accuracy. In this section,
we will list our practical considerations in terms of 4 aspects:
(1) Approximate values: The MPGC requires the knowledge of reasonably precise
approximations. According to Foerstner, 1986, typically less than several (1-2) pixels for the
2 translational parameters, less than 20° for rotation and 30% for scale difference and shear
parameters, are required. However, for signalized points, convergence has been achieved
from as far as 20 pixels for simple 2D matching and 12 pixels for the MPGC (Baltsavias,
1991). However, good approximate values are often necessary for general cases.
Basically, the matching results computed from the MPM matching approach provide good
enough approximate values for image/pixel and object coordinates. Thus, emphasis should be
placed on how to derive approximate values for shaping parameters (including scale and shear
parameters, see equations (6.5)). This is particularly important in cases of simultaneously
matching multiple images with different image scale and orientations, e.g. multiple SI images
of different strips.
In our implementation, approximate values for shaping parameters are predetermined by
using the approximate DSM computed from MPM matching and the image geometry. Once
the size and shape of the image patch is determined on the reference image, the corresponding
object coordinates for 4 corners of the patch can be computed through mono-restitution, by
using the approximate DSM and image orientation parameters. By back-projecting them into
one of the search images, the corresponding pixel coordinates for these corners, can also be
computed. Thus, between the reference image and each search image, an affine
transformation can be expressed as:
(6.24)
Where, (u0, v0) are the pixel coordinates of 4 corners of the image patch in the reference
image, while (ui, vi) are corresponding pixels coordinates in the ith (i=1,…,n) search image.
Thus, the affine transformation parameters (a0, a1, a2, b0, b1, b2) are then calculated from the
corresponding pixel coordinates with a least squares method. We take the scale and shear
parameters, i.e. a1, a2, b1 and b2, as the approximate shaping parameters for MPGC. This
simple method works quite successful, as demonstrated in Figures 6-2 to 6-7, in cases of
matching 6 SI images from 2 parallel SI strips with changing flight directions.
(2) Convergence behavior and rate: The convergence behavior and convergence rate
depend on many factors, such as goodness of the approximate values, size and shape of the
image patch, signal content/frequency within the template patch, determinability of the
shaping parameters and computation method for design matrix.
Following the intensive investigations made by Baltsavias (1991) and Beyer (1992), we
compute the grey level derivatives by using equations (6.10) and compute the design matrices
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Ai for grey level observations from the average of the reference and each search image patch
and update the matrices Ai in each iteration. In addition, since the determinability of the 6
affine transformation parameter, in grey level observation equation, depends on the structure
of the image intensities, some transformation parameters are constrained based on a priori test
of the parameters using the error ellipse computed from the template image patch.
Furthermore, we use the translational parameters only and constrain all the shaping
parameters in the first and second iterations in order to increase the convergence radius and
speed up the convergence rate.

(a)
(b)
(c)
Figure 6-1: Incomplete patch generation for partial matching.
Note that the point being matched (green dot) is not at the center of the patch. The partial
matching (a) is equivalent to the matching with the square-shape image patch (b) but with
an additional patch mask; the mask is used to exclude parts of the patch information (c).
The patch size as well as its shape are other crucial factors for a successful MPGC matching.
On one hand, the patch size must be small to conform to the planar object surface assumption,
but large enough to permit a certain redundancy and a stable determination of the translational
and shaping parameters. On the other hand, the patch should be square if the template image
is isotropic or if corners with nearly orthogonal edges are to be matched, while the patch
should be rectangular with the larger dimension along the radiometric edges. The shape and
size of the image patch is more important if we want to match points that lie along distinct
surface discontinuities. In this sense, the MPGC matching using the traditional square-shape
patch with its center at the point being matched will fail because either the planar object
surface assumption is not valid or the image patch contains quite different image signal. In
our system, the size as well as its shape of the correlation window are adaptively determined
in the previous MPM matching procedure and these parameters are taken as the image patch
size and shape for the MPGC matching. In cases where the shape of the patch is not a square
but a rectangular, or the point is not located at the center of the patch, we call the MPGC
matching a partial (incomplete) matching. It is equivalent to the traditional MPGC matching
using the square-shape image patch but with a patch mask (Figure 6-1). The partial MPGC
matching is used to make the matching successful for points lying along distinct surface
discontinuities. In Figures 6-3 to 6-5 some examples are shown. However, one should note
that due to the lack of surface planarity, even the partial matching may introduce small errors
(Figure 6-5).
(3) Weighting the geometric constraints: As mentioned in 6.2.2, the geometric constraints
are implemented as weighted observations. The geometric constraints force the matching to
search for a conjugate point only along a small band around the corresponding epipolar lines.
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The weight values for these constraints are usually determined by the accuracy of the image
orientation parameters and they can be computed by using equation (6.22b). Large weight
values are necessary to make the geometric constraints being fully effective and reducing the
risks of mismatches. However, when the image orientation parameters are not precise, using
large weight values normally results in low matching accuracy or even divergence in case that
all shaping parameters are fully effective. This is most important for the very high-resolution
SI images, since the orientation accuracy for these images are normally 1-2 pixels or even
worse. Therefore, in our implementation, we take large weight values (corresponding to 0.05
pixel accuracy) for the geometric constraints just at the first iteration so that the iteration
converge, and then the weight values decrease slowly at the following iterations so that the
correct matches outside the epipolar lines can be hit.
(4) Quality control: Quality control is a very important aspect for automatic image matching
algorithms. One important example is the detecting blunders. Usually, tests for the detection
of blunders use different criteria or combinations thereof and compare them against some
critical values. For MPGC matching, the criteria that permit a safe discrimination of blunders
can be cross-correlation coefficient of the grey value matrices, posteriori standard deviation of
unit weight σ0, standard deviation of the translational parameters, number of iterations and
standard deviations of the object coordinates. In our implementation, we chose the crosscorrelation coefficient, the standard deviation of two translational parameters and the number
of iterations as the criteria for blunder detection. The critical values for these parameters are
listed as follows:
Cross-correlation coefficient: > 0.75
Standard deviation of two translational parameters: < 0.05~0.1
Number of iterations: < 10
In case of occlusions, the greatest advantage of MPGC matching for the avoidance or the
detection of occlusions is the use of multiple images linked through geometric constraints.
Therefore, if the occlusions are small, good patches will dominate and pull-in the occluded
ones. If the occlusions are relatively large, the occluded ones can be excluded by analysis of
the corresponding correlation coefficients between image patches. Figures 6-6 and 6-7 show
two examples, where the point is occluded in one and two images, respectively.
Finally, the correlation coefficient of the grey values are taken as reliability indicator for the
successfully matched points. For those failed in MPGC matching they will be kept and their
final reliability indicator value will be the half of their original value computed from equation
(5.8).
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(a)

(b)
Figure 6-2: MPGC matching for a good target (high-contrast corner on planar surface),
however, within the local neighborhood there exist repetitive patterns.
(a) Start positions, red squares represent the corresponding patches in images;
(b) Final positions
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(a)

(b)
Figure 6-3: MPGC matching of a corner which is located at a surface discontinuity. (a) Start
positions. Note that the point being matched is not at the center of the image patch. The size
and shape of the patch in the reference image is determined in the MPM matching
approach. (b) Final positions
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(a)

(b)
Figure 6-4: MPGC matching of a feature point which is located at a surface discontinuity.
(a) Start positions. Note that the point being matched is not at the center of the image
patches and the shape of the patches is not square but rectangular. (b) Final positions
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(a)

(b)
Figure 6-5: MPGC matching of a corner which is located at a surface discontinuity. (a) Start
positions. Note that the point being matched is not at the center of the image patches and
the shape of the patches is not square but rectangular. (b) Final positions. In this case even
the (partial) MPGC matching introduces small errors (see the second row of the image
patches) which are mainly caused by the lack of surface planarity.
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(a)

(b)
Figure 6-6: MPGC matching in case an occlusion appears only in one image. (a) Start
positions, (b) final positions
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(a)

(b)
Figure 6-7: MPGC matching in case of multiple occlusions (the point being matched is
occluded in two search images). (a) Start positions, (b) final positions
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6.3 Refined Edge Matching with Linear LSB-Snakes
LSB-Snakes, as proposed by Gruen and Li (1996), is an extension of the least squares
template matching. LSB-Snakes derives its name from the fact that they are a combination of
least squares matching and B-spline Snakes (extension of the conventional method of Snakes
by using a parametric B-spline curve as an approximation of the solution of active contour
models). LSB-Snakes can be considered a reformulated active contour model and, at the same
time, a new application and extension of the least squares template matching technique. With
such a development, the point-by-point least squares template matching method is extended to
a global value in which its inherent high positioning precision and well established
mathematical foundation are retained and further improved by the infusion of global
geometry information similarly to the active contour models (Snakes). LSB-Snakes integrate
multiple images for feature extraction in a fully 3D mode. Thus, LSB-Snakes can be seen as
an extension by integrating the active contour models into the general MPGC matching
scheme.
In least squares notation, LSB-Snakes are formulated by three types of observations. They can
be divided in two classes: Photometric observations that formulate the grey level matching of
images and the object model and geometric observations that express the geometric
constraints and the a priori knowledge of the location and shape of the feature to be extracted.
In our system, we employed the LSB-Snakes method to refine the matching results of edges
in order to achieve potentially sub-pixel accuracy. The 3D edges, reconstructed from the
MPM matching procedure, are represented by the parametric linear B-splines. Therefore, we
just needed to use the special case of the LSB-Snake. Instead of working in a semi-automated
way, LSB-Snakes work in a fully automated mode with the approximated values computed
from the MPM matching procedure. In the following we will give a simple description about
the mathematical models, for details about the LSB-Snakes model please refer to (Li, 1997).

6.3.1 Geometric Observation Equations
Suppose an edge in object space is represented in linear B-spline parametric form as:
(6.25)
Where N is defined in equations (5.18). Xc, Yc and Zc are the coefficient vectors of the linear
B-spline in object space. In this case, they are the 3D object coordinates of the dominant
points of an edge. Xe, Ye and Ze are the object coordinates of an edge point. Through
linearization with respect to Xc, Yc and Zc, the weighted observation equations can be simply
obtained as:
(6.26)
Suppose an edge point appears in n+1 (n ≥ 1) linear array images, which are taken from
different CCD line sensors on the focal plane. If the rigorous sensor model expressed in
equations (2.7) is used, a pair of collinearity equations can be formulated with the known
image orientation parameters:
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(6.27)

Where, (X0, Y0, Z0, ϕ, ω, κ) are the exterior orientation elements for the instant image
perspective centers, which are modeled by some kinds of trajectory models, for the ith linear
array image. It is assumed that these exterior orientation parameters as well as interior
orientation parameters such as the focal length c are either given or have been derived from
the ground control information. (Xe,Ye,Ze) denote the 3D object coordinates for an edge point,
and (ui,vi) are its corresponding pixel coordinates in the ith image. They are the unknown
parameters. Linearization of the equations with respect to these unknown parameters results
in:
(6.28)
By substituting equations (6.26) into equations (6.28), the following geometric observation
equations can be obtained:

(6.29)

As discussed before, for the sake of flexibility and generality, these geometric observation
equations are introduced as a set of weighted observations by assigning weight values Pgx and
Pgy respectively.
In addition, the dominant points for an edge are the control points, which determine the
location and shape of the edges to be matched (see equations (6.26)). Their approximations
have been computed in the previous MPM matching procedure. Also, they are the unknown
parameters to be estimated in the joint least squares adjustment. Therefore, they should be
considered as observations. Thus the second type of geometric observation equations can be
established as:
(6.30)

6.3.2 Photometric Observation Equations
By projecting an edge, expressed in the object space, onto all n+1 (n > 1) linear array images,
it can be represented by a set of edge pixels in image space. Therefore, for each image patch
centered at one edge pixel, n sets of photometric (grey value) observation equations can be
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established in the form of equations (6.7). However, this straightforward way of establishing
the grey level observations needs a large number of redundant computations, because image
patches of the neighboring edge pixels have overlapping areas.
To avoid the redundant computations, we follow the method developed by Li (1997): For
each point along an edge, its corresponding edge pixel in one of the image can be determined
by back-projection. Then, a profile, which is centered at that edge pixel and has the direction
perpendicular to the related straight edge segment (in image space), is defined as the 1dimensional “image patch” (Figure 6-8). Thus, by combining a set of these 1-dimensional
“image patches”, the photometric model for an edge, which is represented by an array of
image intensity values, is generated. This is more general than a point-by-point-based
matching. Here we refer to this photometric model as a generic image patch. The generic
image patches can be generated in both the reference image and the search images, and they
serve as the reference patch and the search patches, respectively.
In our approach, the generic image patches are used to establish the grey level observation
equations in the form of equations (6.7). One should note that for each edge, only two
translational parameters are used to model the geometric transformation between these
generic patches in the reference image and the search images. All the shaping parameters are
constrained in our implementation.

Figure 6-8: The definition of the generic image patch. By combining a set of profiles (lines
in white), which are centered at edge pixels and have the direction perpendicular to the
related straight edge segments, the generic image patch for an edge can be generated.

6.3.3 Results and Discussions
Equations (6.29), (6.30) and (6.7) can be interpreted as an integration of point measurement
and linear feature modeling. By using these equations, a priori geometric knowledge of the
edges and all of the edge pixels along the edges are tied together by means of the geometric
shape model. The transformation parameters between the image patches and the parameters of
the geometric model are simultaneously determined by a combined least squares adjustment.
The transformation parameters which model the local image distortion and the global
geometric information are used together to ensure a robust and acceptable solution.
This method relates each individual imaging ray directly to the edges in object space,
therefore the feature reconstruction happens directly in the object space, that is, the 3D linear
B-spline representation of the edges is directly obtained from the joint least squares
adjustment. However, with this method, many unnecessary unknowns, e.g. the pixel
coordinates for all the edge pixels, are included. This increases not only the complexity of the
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computations, but also the costs for the computations. To solve this problem, one possible
way is to combine the geometric observation equations (6.29) and the photometric (grey
value) observation equations (6.7) by eliminating the common unknowns, i.e. the pixels
coordinates of edge pixels. This solution has been realized and implemented in the works
made by Li (1997). In our case, the difficulty to combining these two sets of equations results
from the fact that in equations (6.29), the corresponding coefficients for unknowns of pixel
coordinates do not equal to 1. The consequence is that the common unknowns cannot be
eliminated easily and the refined edge matching stage needs a very long computing time. For
example, in case of processing a standard TLS/SI image strip (3 images with about 70000
scan-lines each), the time for edge matching with LSB-Snakes may take tens of hours.
Originally, the LSB-Snakes was developed mainly for semi-automatic feature extraction and
reconstruction. In our system, a special case of this method, i.e. linear LSB-Snakes, is
developed to match the edges in order to achieve potentially sub-pixel accuracy. The method
works in a fully automated way. Good approximate values are required. As has been
demonstrated in section 5.3, results computed by our edge matching procedure provide good
enough approximations. Experimental results shown from Figure 6-9 confirm that. In the
figures, the subimages are enlarged by 3 times in order to show the differences between the
“initial” and its final matching computed by this method. In addition, when this method is
working in a fully automated way, care should be taken for the automatic quality control
procedure. In our implementation, the cross-correlation coefficient between the generic
template and search patches, the standard deviation of two translational parameters in image
space, and the number of iterations are selected to indicate whether the matching was
successful or not. From the experiments, we can conclude that these parameters work quite
well, and usually more than 80% of the edges computed from the MPM matching procedure
can be successfully matched with this linear LSB-Snakes method.
In the intensive experiments made for different kinds of linear array images, some limitations
of this method are also found. As mentioned previously, the very heavy computational cost is
the first limitation which prohibits it from practice usage. Hence, the LSB-Snakes are more
useful in semi-automatic feature extraction and reconstruction. How to reduce the
computational costs of this method should be an important topic for further research.
Secondly, the method can not be performed successfully in cases of matching weak edges,
matching too short edges or matching edges having too nearly distributed dominant points.
These cases usually make the combined least squares system unstable and therefore to
divergent, especially when the image orientation parameters are not precise.
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(a)

(b)

(c)
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(d)

(e)
Figure 6-9: Example of refined edge matching with linear LSB-Snakes. Where, (a) and (c)
show cases of high-contrast edges representing distinct surface discontinuities; (b) and (e)
show cases of partly occluded edges; (d) shows a curved edge represented by straight edge
segments. The lines in red color represent the “initial” positions while lines in green color
represent the final positions. The subimages are enlarged by 3 times in order to show the
difference between the “initial” and final matching.
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Chapter 7. Performance Evaluation
This chapter presents the performance evaluation for our automatic DSM generation system.
The objectives are to evaluate and to compare DSMs generated from linear array images with
more accurate reference data. The evaluation includes both the qualitative and visual
inspection of the generated DSMs, and the quantitative and statistical evaluation of the DSMs
with reference data of airborne Light Detection and Ranging (LIDAR) or manual
measurements. The system has been investigated extensively with several linear array
imagery datasets of different image resolution and over different terrain types, which include
hilly and rugged mountainous areas, rural areas, suburban and urban areas. In this chapter,
evaluation results from the very high-resolution STARIMAGER images, with several
centimeters, to high-resolution satellite linear array images, such as the IKONOS and SPOT5
images with 1 to several meters will be reported in detail.

7.1 Accuracy Assessment for DSMs
DSMs are often referred to as the models for the first reflective or visible surface. They are
common and classical products from traditional photogrammetric techniques. The height
accuracy (or to be more precise the vertical accuracy) usually results from the quantitative
and statistical evaluation of the DSMs and it is determined by its root-mean-square error
(RMSE), the square root of the average of the set of squared differences between height
values of the DSM being evaluated and height values from an independent source with much
higher accuracy. These independent sources are referred to as the reference data. The
reference data can be a reference DSM derived, for example, from airborne LIDAR or some
randomly distributed checkpoints. The accuracy of a DSM is the closeness to reference data,
and it is commonly referred to as “high” or “low” depending on the size of the RMSE value.
The height (vertical) RMSE statistic can be computed by using the following equation:
(7.1)
Where, ZDSM,i is the height value that is interpolated from the test DSM for the ith check point;
ZREF,i is the height value of the ith check point from the reference data; n is the number of
points being checked and i ranges from 1 to n. For instance, in the Geospatial Accuracy
Standard (USGS, 1998), the 95% confidence level for the vertical accuracy of an elevation
product is defined as 1.9600 × RMSEZ.
RMSEZ normally encompasses both random and systematic errors introduced during the
production of the DSM data. There are three types of DSM height errors, i.e. blunders,
systematic and random errors. Blunders are errors of major proportions and should be
removed as much as possible, either by automatic blunder detection procedures or manual
editing. Systematic errors usually follow a certain fixed pattern and they are mainly
introduced by data collection procedures and systems. Random errors result from unknown or
accidental causes.
According to (McGlone, 2004), there are at least 3 major sources of error when DSMs are
generated by using the optical imaging systems:
(1) Photogrammetric Modeling Error (PME): This results from the formation of an imperfect
photogrammetric model and its effect on the geometry of the intersecting image rays.
PME mainly depends on the models used for representing the image forming procedure,
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i.e. sensor models, and the accuracy of the image orientation procedure. PME effects the
accuracy of DSMs in two aspects. Firstly, it may directly produce height error in DSMs
and secondly, PME also produces error in horizontal directions. In this sense, only testing
height accuracy for DSMs can be quite misleading because errors in horizontal direction
certainly result in height errors and they heavily influence the height error in very rough
areas or around steep edges.
(2) Measurement Error (ME): This results from the measurement method. It may be the lack
of precision introduced by a human operator for manually measured points, or the lack of
precision in the image matching process for automatically derived points.
(3) Surface Modeling Error (SME): This is the error that results from using a discrete model
such as grid, TIN or contours to model a continuous terrain surface that is varying in a
highly nonlinear manner. It includes errors that result from interpolating an elevation at
an arbitrary position using adjacent elevation data.
These errors can be estimated empirically or estimated using error propagation. For instance,
we could manually measure a sample of randomly spaced points using the stereo model with
the same image orientation parameters and then compare them with their interpolated heights
from the generated DSM. In this case, the height errors mainly come from ME, but also from
SME in cases of very rough terrain. However, if we measure these points with a different
method such as the traditional field surveying, the estimated errors may include all the errors
mentioned above.
With equation (7.1) RMSEZ is computed based on the differences between the heights of the
reference data and the corresponding heights interpolated from the DSMs being investigated.
The limit of this method is that it is highly influenced by SME and the errors in horizontal
directions resulting from PME. Figure 7-1 illustrates the problem with a step profile: even if
the measurements (white points) are accurate, the modeled profile cannot follow the true one.
Consequently if the terrain height is compared with a check point P (black point), a large
difference ∆Z may be measured. For that reason the computation of the 3D orthogonal
distance between the surfaces (distance d in Figure 7-1) is theoretically more correct.
Therefore the accuracy test can be based on the evaluation of the normal distance (3D)
between the generated DSM and the reference surface. This test is important in cases of very
steep surfaces and rugged mountainous areas.

Figure 7-1: Surface modeling error. The true profile of the terrain surface is
represented by the dashed black line, while the modeled profile is represented by
the thick black line. ∆Z is the difference between the height of a check point P
and its interpolated height from the modeled profile, while d is the normal
distance between point P and the modeled surface profile
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7.2 SI Image Dataset
As described in the previous sections, the SI system is mainly designed for large-scale image
acquisition. The high-resolution SI images show quite different characteristics compared to
low-resolution images. SI images usually contain very detailed information about the terrain
so that DSMs with high topographic and cartographic details can be produced. However,
automatic DSM generation using these kinds of images turns out to be a very difficult task,
especially when the images over suburban or urban areas are used. Additionally, the huge size
of the image data is another factor that should be considered during the design of a practical
system.
The proposed DSM generation system has been used experimentally for automatic production
of suburban and urban DSMs using the high-resolution SI imagery data. For that purpose, it
has been computationally adapted to the processing of large sets of data (huge volume of
input images). In the following sections, we will present both the visual inspection of the
resulting DSMs and the quantitative evaluation of the DSMs with a manually measured
reference dataset.

7.2.1 Qualitative Evaluation, Yokohama City, Japan
To evaluate the performance of our system, a study area around Yokohama City, Japan was
selected. The area mainly consists of built-up and residential environment with very dense
and complicated buildings and other manmade objects (Figure 7-2). A skyscraper (Figure 72(b)) with about 120 m height locates at the centre of the study area and it results in more than
900 pixels disparity in the forward and nadir stereo pair. At the border parts, there are many
small hills covered by forest and a construction area can be seen at the lower border of the test
site. The whole study area covers about 2.8 × 1.5 km2. The site has a flat topography, with an
elevation range of just 70 m.

(a)

(b)

(c)

Figure 7-2: (a) Three SI-100 image strips (average size of 2.8 × 1.5 km2 for the strips; 5.7
cm ground resolution) acquired over Yokohama City, Japan. (b) and (c) are subimages
showing extremely difficult cases for automatic image matching
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Over this area, three parallel SI image strips (each image strip has 3 red channel images) were
acquired, with ground resolution of about 5.7 cm. Between two neighboring image strips
there was about 30% side overlap.
The main reason that we selected this area is twofold. Firstly, the study area contains different
types of landcovers, including open areas, forest areas, residential areas and city downtown.
Secondly, images of this area contain almost all difficult cases for automatic image matching:
distinct surface discontinuities caused by manmade objects; very large occluded areas and
areas with poor-texture or repetitive texture patterns; large variations of the disparities.
Furthermore, there are typically a lot of infrastructures surrounding the buildings and on their
roofs, such as vehicles, pipes, vegetation, roof vents, air condition units and other small
facilities (Figure 7-2(c)). Nearby buildings can vary greatly in size and shape. Detailed
structures such as road marks, zebra crossings and other traffic signs, moving objects such as
cars on the roads may disturb the matching procedure. However, these difficult cases provide
an opportunity to evaluate the performance of our matching approach and address potential
problems in difficult conditions instead of working in a perfect and easy environment.

Figure 7-3: Shaded visualization of the full DSM (ca. 2.8 × 1.5 km2; 0.5 m spacing)
extracted from 3 SI image strips. The DSM reproduces the full terrain relief with very high
topographic details.
The DSM generation started with the pre-processing and orientation of the images. The image
orientation step was done by using our in-house developed triangulation software with the aid
of a few GCPs, which were collected from large-scale cartographic maps. The orientation
accuracy was reported as ca. 20 cm in planimetry and 40 cm in height. Since the orientation
results correspond to about 5 pixels in image space, they were not optimal but they provided
an opportunity to test the performance of the dynamic y-parallax compensation procedure.
Another interactive pre-processing step relates to manual measurement of some seed points in
extremely difficult areas in order to provide good approximations for the matching. For
example, one seed point was measured on the top of the skyscraper and another one was
measured on the ground around it. After these steps, the automatic matching of the whole test
area using all 3 image strips was performed and completed in about 70 hours, consisting of
matching a dense pattern of mass points and edges. During the matching, the nadir-viewing
images from these 3 strips were selected as reference images and features on the reference
images were matched to other images. A TIN form DSM was reconstructed by combining all
the matched features and finally a 0.5 m spacing raster DSM was interpolated.
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The full DSM of the study area, without any editing, is shown in Figure 7-3. The resulting
DSM reproduces not only the general shape of the terrain relief, such as hills at the area
border, but also very small details on or above the terrain surface, such as buildings/houses
with various shapes and sizes, small and complicated infrastructures on/around the
buildings/houses, cars on the roads or parking areas, sparse trees, and many other small
geomorphological features. The result show that the areas of poor-texture, such as the large
parking areas, were bridged over smoothly by grid points and at the same time the surface
discontinuities were well preserved (see Figure 7-4 for some enlarged sub-areas). However,
some problematic areas, mainly suffering from large occlusions, can also be seen in the
results. Usually in these areas strong smoothing effects can appear. An example is the area
around the skyscraper. In this case, some parts of the terrain were totally occluded and they
were not visible in any of the used images. In addition, some blunders which are mainly
distributed in very dense residential and downtown areas, also failed to be detected.

(A)

(B)

(C)
(D)
Figure 7-4: Enlarged subareas of the full DSM. (A) and (B) residential areas with very
dense buildings/houses of various shapes and sizes; (C) open area with some sparsely
distributed manmade objects; (D) a built-up areas with moderate density of complicated
buildings.
As has been demonstrated in the qualitative and visual evaluation, our DSM generation
system works quite successful despite of the very difficult conditions. The generated DSM
can be further used for production of 3D perspective views of suburban and urban scenes and
it may find applications such as urban planning, impact study, or virtual and augmented
reality.
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7.2.2 Quantitative Evaluation, GSI Study Area, Japan
To quantitatively evaluate the performance of the DSM generation system by using the very
high-resolution SI images, a study site around Japan's GSI (Geographical Survey Institute)
area was chosen. In this area both SI images and aerial photos were available. Both SI images
and aerial photos were acquired in the same year but in different seasons. The evaluation was
based on the comparison between the manually measured DSM from aerial photos and the
automatically extracted DSM from the SI images.

(a)

(b)
Figure 7-5: (a) overview of the study area with all measured GCPs;
(b) two stereo pairs of aerial photos at 1:8000 image scale, where the white square
approximately represents the study area.
The study area covers a region of roughly 650 × 2500 m2. It has a relatively flat topography
with an elevation range of about 30 m. It consists of a suburban environment in the middle
part and a rural environment. There are a lot of natural and manmade objects, small
geomorphological features, small discontinuities like cars, isolated trees, large discontinuities
and occlusions due to the buildings (some of them are over 20 meters high with many
complicated infrastructures on top). Also, there are occlusions caused by car and people
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motions. Figure 7-5(a) shows the overview of the whole study area with all measured GCPs
and Figure 7-5(b) shows the corresponding area in the aerial photos. In this study area, all 48
GCPs were signalized marks on the ground or on the top of buildings. They were well
distributed and well defined in both SI and aerial photos. The control points were measured
using GPS and conventional total digital stations. The obtained accuracy was reported as 2 cm
for the horizontal and 3 cm for the vertical components.
Two stereo pairs of color aerial photos of 1:8000 image scale (stereo pair 1741-1742 and
1742-1743), acquired with a film camera of 153.63 mm focal length, were used for manual
collection of reference data on the Analytical Plotter Wild AVIOCYT AC1. GCPs as well as
a certain number of tie points were also measured with the analytic plotter and then they were
used to perform the bundle adjustment in order to orient the aerial photos. The results of the
interior and exterior orientation are summarized in Table 7-1. Manually measured points,
distributed in 50 cm distance at both X and Y directions, were used as reference data. One
should note that here our objective is to statistically evaluate the DSMs, therefore all the
manually measured points were located on the visible surface, such as roofs of
buildings/houses and tree canopy.
Table 7-1: Summary of the orientation accuracy for aerial photos
Stereo Pair
Interior orientation
Exterior orientation
35 GCPs
1741-1742
Planimetry: 0.051 m
f = 153.627
Height: 0.030 m
rms_x = 0.015 mm
rms_y = 0.017 mm
25 GCPs
1742-1743
Planimetry: 0.057 m
Height: 0.030 m
The SI imagery data included 3 red channel images with a footprint of ca. 5.6 cm. In order to
determine the position and the attitude values for each image scan-line, a photogrammetric
triangulation procedure, which models the flight trajectory with piecewise polynomials, was
performed with the help of the signalized GCPs as well as about 130 well-distributed tie
points. The tie points were measured in semi-automated mode with least squares matching.
As a result of triangulation, 2.8 cm and 5.0 cm absolute accuracy in planimetry and height
respectively was obtained.
The automatic DSM generation system was applied to these three SI images, from which the
nadir-viewing image was used as reference image. The system resulted in a very dense pattern
of mass points and edges. The number of mass point (feature points and grid points) and
edges was about 2,438,000 and 129,000 respectively. Figure 7-6 shows parts of the matching
results for an open area and a built-up area. The subimages of the corresponding areas are
shown in the left column and the 3D visualization of successfully matched feature points and
edges are shown in the right column. As revealed by Figure 7-6, the system produces results
which contain very detailed information about the features on or above the terrain. Finally, a
TIN form DSM was generated by combining feature points, grid points and edges. From that,
a dense raster DSM with 15 cm interval was interpolated. Figure 7-7 shows the 3D
visualization of the computed DSM for the whole study area.
As demonstrated in visual inspection, the resulting DSM reproduces not only the general
shape of the terrain relief but also very small details on or above the terrain surface, such as
buildings and houses, roads and many detailed geomorphological features. The result also
shows that the poor texture areas were bridged smoothly, and at the same time the surface

- 159 -

7. Performance Evaluation
discontinuities were well preserved. Results shown in Figure 7-6 confirm that the strategy to
integrate points (feature points and grid points) and line features works well and it is
necessary for generating DSMs of suburban and urban areas.

Figure 7-6: Matching results (feature points and edges).
Left column: Subimages showing a bare terrain area (top) and a built-up area (bottom).
Right column: 3D visualization of the matched features for the corresponding area.
Different colors are assigned to different features according to their heights.
To analyze the matching accuracy, we divided the reference data into two classes, i.e. (A1)
the bare terrain area with some sparse trees and small manmade objects (including the large
parking areas); (A2) the area with man-made objects and trees. The accuracy test was
performed for these two classes separately. Because of the different acquisition time for SI
images and aerial photos, we did not use the forest areas for accuracy test.
Comparing the reference points with the raster DSM in two different areas (A1) and (A2)
leads to the results shown in Table 7-2. The accuracy in bare terrain area shows better results,
but it still suffers from the problems like multi-temporal differences between aerial photos
and SI images, for example, in the parking areas, and some sparse trees or small manmade
objects (Figure 7-8(a)). In areas with many manmade objects and trees, the accuracy becomes
worse. There are some points having more than 4.0 meters difference. These points are almost
all located around the steep slopes of the buildings and trees (Figure 7-8(b)). This is caused by
the fact that manually measured points and automatic extracted points refer to different object
points due to the errors in orientation procedure (PME) and 3D surface modeling problems
(SME) (see section 7.1). In addition, smoothing effects caused by utilizing the surface
smoothness constraint can appear in cases where some edges cannot be successfully matched
or the foot parts of buildings are totally occluded.
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Figure 7-7: 3D visualization of the shaded DSM (15 cm spacing, ca. 1100 × 450 m2)
of the study area.
Top: viewing from east to west. Bottom: from west to east.
Table 7-2: DSM accuracy quantitative evaluation.
Manual measurement (from aerial photos) minus automatically extracted DSM
Area
Bare ground
Areas with
manmade objects
and small trees

RMSE
(m)
0.28

Mean
(m)
0.04

Std. Dev.
(m)
0.27

0.0-1.0
(m)
98.65%

1.0-2.0
(m)
0.91%

2.0-3.0
(m)
0.13%

3.0-4.0
(m)
0.09%

> 4.0
(m)
0.03%

1.01

-0.16

1.01

74.70%

12.15%

7.32%

4.84%

2.36%
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(b)

(a)
0.0m

5.0m

Figure 7-8: Absolute height difference map between reference DSM and resulting DSM.
The meaning of the color is explained by the legend displayed above (absolute differences
from 0 to 5 meters).
(a): The open areas, where the color coded difference maps are shown together with their
corresponding area in images. The maps show the height differences caused by multitemporal differences between aerial photos and SI images (for example the cars in parking
area).
(b): The built-up area, where the parts with large height differences can be seen around the
buildings (in yellow / red color).
Since the reference data was measured from the aerial photos, different kinds of errors, from
the image orientation procedure (PME), from the measurements (ME) and, from the surface
modeling procedure (SME), all influence the final height differences. In order to evaluate the
real performance of the matching approach, that is, the measurement accuracy of the image
matching approach itself, several thousands of points were measured stereoscopically with the
SI images, via an in-house developed stereo measurement software package. All the points
were measured manually in open areas and on roofs of buildings. The points on roofs were
measured away from the steep (vertical) slopes (ca. 10 pixels in image space). Therefore, the
differences between these points and the computed DSM resulted mainly from the
measurement error (ME). The result is listed in Table 7-3.
Table 7-3: DSM accuracy quantitative evaluation (Selected points away from
steep (vertical) slopes).
Manual measurement (from SI images) minus automatically extracted DSM
Number of
points

RMSE (m)

Mean
(m)

Standard
Deviation (m)

Maximum absolute
height difference (m)

5780

0.12

-0.08

0.10

1.1

7.3 IKONOS Image Dataset, Thun, Switzerland
The study site is an area around the town of Thun, Switzerland (Figure 7-9). This area
consists of a steep mountainous region in the south-west part and a smooth hilly region in the
middle and northern part. The town of Thun is located at the lower-middle part, the Thunersee
can be seen in the south-east corner of the area. The whole study area is about 17 × 20 km2
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and 30% is covered by forests. The site has a hilly topography, with an elevation range of
more than 1600 m.

Figure 7-9: Study area with the measured GCPs. The brown and blue rectangles
approximately indicate the coverage area of the IKONOS triplet and the IKONOS stereo
pair, respectively. The two groups of images have about 50% overlap.
Over the test area, 1 stereo pair (eastern part) and 1 triplet (western part) of IKONOS images
(each image covers ca. 11 × 20 km2) were acquired, with each image group acquired on the
same day during the wintertime (see Table 7-4). The two strips have about 50% side overlap,
and the triplet images show that about 70% of the area were covered by snow, which is not in
stereo images. The sensor and sun elevation angles (ca. 19°) were less than optimal. The low
elevation angle of sun causes long and strong shadows, especially in the southern part and in
general results in low contrast images. The nadir image in the triplet was very close to one
image of this triplet, which had a sub-optimal base/height ratio. All IKONOS images were
Geo, 11-bit with DRA (Dynamic Range Adjustment) off, with 1m panchromatic (PAN) and
4m multi-spectral (MS) channels (for DSM generation only PAN images were used). For all
IKONOS images, the RPC camera model parameters were provided in the metadata files.
Nevertheless, snow and shadow did not cause big problems with the same-date triplet and
stereo pair: shadows caused by the small geomorphological features, small tracks caused by
human activities and other features created enough texture and contrast on snow covered
areas and, most importantly, after the image pre-processing, even in the strong shadow areas,
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the image texture information was good enough to apply image matching (Figure 4-9).
However, the different acquisition times for the 2 different image groups may cause problems
when all 5 images are matched simultaneously.
Table 7-4: Characteristics of the five IKONOS images (2 groups: 1 stereo pair
and 1 triplet) acquired over the study area.
IKONOS Image
Thun_49_000
Thun_49_100
Thun_51_000
Thun_51_100
Thun_54_000

Acquisition
Date
2003-Dec-11
2003-Dec-11
2003-Dec-25
2003-Dec-25
2003-Dec-25

Scanning
mode
Reverse
Reverse
Reverse
Reverse
Forward

SensorAzimuth
140.35°
66.41°
180.39°
72.206°
128.17°

SensorElevation
62.78°
63.56°
62.95°
82.15°
82.62°

Figure 7-10: An example of GCP measurement in image space, in which the point was
determined by the line intersection method in one image (left) and its conjugate points were
computed with least squares matching (right)
In order to precisely georeference the IKONOS images, about 50 well-distributed GCPs were
collected with differential GPS in March 2004. The measurement accuracy was about 0.25 m.
As expected, GCPs were difficult to find in rural and mountainous areas, but also in the town
of Thun, where they had to be visible in all images simultaneously. Shadows and snow made
their selection even more difficult. Therefore, almost all of these GCPs were corners or
intersections of road edges. In both object and image space, they were measured by a line
intersection method. As a result, only 39 of them could be measured precisely in the images.
The GCPs were measured in one of images of each group (usually the nadir) by the line
intersection method and the conjugate points in other images were computed with least
squares matching (Figure 7-10). See Eisenbeiss, et al. 2004a, 2004b for more details.
In order to quantitatively evaluate the accuracy of the generated DSMs, a irregularly-spaced
laser DSM of about 2 m point distance, with an accuracy of 0.5 m (1σ) for bare ground areas
and 1.5 m for vegetation areas, was used as reference data. The laser DSM was acquired in
the year 2000 and provided by the Swiss Federal Office of Topography, Bern (Swisstopo). It
only covers the southern part of the study area. The time difference between LIDAR and
IKONOS data acquisition was 3-4 years. Since the objective of this test was to evaluate the
generated DSM from IKONOS images, the LIDAR data was not interpolated into a raster
form so as to avoid the propagation of interpolation errors into the evaluation process.
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Figure 7-11: Radiometric differences caused by different image acquisition times. The left
column shows subimages of the image triplet acquired in 2003-12-25 and the right column
shows subimages of the stereo pair acquired in 2003-12-11. Note the different positions of
the shadow outlines.
Table 7-5: Results of block adjustment for the IKONOS triplet and stereo pair
with all the GCPs of the corresponding areas
Image group
IKONOS triplet
IKONOS stereo

Number of
GCPs
24
25

σ0
(pixels)
0.46
0.72

RMSE X
(m)
0.56
0.81

RMSE Y
(m)
0.78
0.78

RMSE Z
(m)
0.65
0.76

With the supplied RPC camera model parameters and the mathematical model proposed by
(Grodecki and Dial, 2003) a block adjustment was performed in order to precisely geocode
the used images. For details of this block adjustment model please see section 2.3.2. When the
IKONOS triplet was acquired almost all of the study area was covered by snow, while when
the stereo pair was acquired most of the snow melt away and only a small portion was still
covered. The different acquisition times resulted in quite large radiometric differences
between the 2 different image groups (Figure 7-11). At this point, measuring conjugate points
in all 5 IKONOS was quite difficult and the measurement accuracy may be even worse.
Therefore, the triplet and stereo images were oriented separately. For the DSM generation, the
images were orientated using the RPC camera model appended with 6 affine transformation
parameters with all the GCPs and a certain number of tie points measured semi-automatically.
The image orientation results are shown in Table 7-5. For more block adjustment results and
analysis, with different GCP distributions and different mathematical models including the
3D affine transformation please refer to Eisenbeiss et al. 2004a, 2004b.
The radiometric differences not only have influence on the point matching but also the edge
matching. In order to highlight the problems, two examples are shown in Figure 7-11. It can
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be seen that many high-contrast edges and feature points, which exist in the stereo pair (right
column), completely disappear in the image triplet simply because they were covered by
snow (left column). Additionally, some strong edges, caused by shadows, appear at different
positions in different image groups. Much attention had to be paid to the latter case because it
certainly results in many mismatches for edges and creates some artificial surface
“discontinuities”. Therefore, in our experiments, after the image pre-processing, the MPM
matching procedure was performed with the triplet and stereo pair separately in order to
obtain the “initial” matching. Then the modified MPGC matching was performed in order to
achieve sub-pixel matching accuracy for points with all 5 images. However, most of the
points actually only can be successfully matched either in image triplet or in stereo pair. The
refined edge matching was still performed separately with the image triplet and stereo pair
and finally all the successfully matched edges were combined. Some areas like lakes and
rivers were manually defined as “dead areas” via a user-friendly interface.

Figure 7-12: 3D visualization of the generated 5m DSM of the whole study area
combining matching results from all 5 IKONOS images. The town of Thun locates in the
upper left part that near the lake marked in blue color.
Finally, a 5m regular spacing grid DSM (16 × 23 km2) for the whole study area was
interpolated from the raw matching results of all these 5 images. The raw matching results
contained ca. 11 million points and 800,000 edges and, more than 80% of them were labeled
with high reliable indicators (> 0.75). Figure 7-12 shows the shaded 3D visualization of the
resulted DSM for the whole study area. Figure 7-14 shows the enlargement of both the 2m
LIDAR DSM and the 5m generated DSM around the town of Thun, the vegetation and the
mountainous area, respectively. It can be seen that the resulting DSM reproduced quite well
not only the general features of the terrain relief but also small geomorphological and other
features visible in the IKONOS images. The DSM shows many topographic details and
features like small valleys in the mountains, detailed patterns related to streets and buildings
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in suburban and urban areas, linear features related to highways and main road networks,
sparse trees, small clusters of houses and forest areas.
Visually compared to the LIDAR DSM, the resulting DSM has quite similar shapes and
patterns in almost all the study area, even in urban areas (Figure 7-14). However, the LIDAR
DSM shows more details, for example, in the forest-covered areas. The LIDAR DSM shows a
rugged canopy due to height differences of the individual trees but the resulting DSM shows
only a smoothed canopy. Additionally, the height differences due to forest and small houses
were almost totally smoothed out in the strong shadow areas; this can be expected because
these areas lack the detailed texture information, even after the enhancement (Figure 7-13).

Figure 7-13: The shadow areas (left part, see the bare ground and areas covered by
trees) lack the detailed texture information for image matching (compared to the right
part of the image)
Table 7-6: DSM accuracy evaluation results (triplet part of test area).
O-Open areas; C-City areas; V-Tree areas; A-Alpine areas.
Area
O+C+V+A
O+C+A
O+A
O

No. of
compared
points
29,210,494
17,610,588
14,891,390
11,795,795

Mean
(m)
1.21
1.11
1.24
1.00

RMSE
(m)
4.80
2.91
2.77
1.28

< 2.0 m

2.0-5.0 m

> 5.0 m

60.7%
77.0%
79.8%
90.3%

16.8%
13.9%
12.2%
8.5%

21.3%
10.1%
8.0%
1.2%

Max. diff.
(m)
424.2
358.9
358.9
37.3

Table 7-7: DSM accuracy evaluation results (stereo part of test area).
O-Open areas; C-City areas; V-Tree areas; A-Alpine areas.
Area
O+C+V
O+C
O

No. of
compared
points
20,336,024
13,496,226
3,969,734

Mean
(m)
-0.45
0.33
0.97

RMSE
(m)
4.78
3.38
1.54

< 2.0 m

2.0-5.0 m

> 5.0 m

57.7%
68.7%
83.0%

21.3%
20.8%
15.0%

20.9%
10.3%
2.0%

Max. diff.
(m)
125.2
47.3
39.4
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Figure 7-14a: 3D visualisation of the 2m LIDAR DSM (left) and the 5m generated DSM
(right) of the suburban area. Detailed patterns of streets and buildings, linear features
related to highways and main road networks. Sparse trees and small clusters of houses are
visible in both DSMs

Figure 7-14b: 3D visualization of the 2m LIDAR DSM (left) and the 5m generated DSM
(right) of the bare ground and tree-covered areas. Detailed patterns of forest areas, linear
features related to rivers, sparse trees and small clusters of houses are visible in both
DSMs. However, in bare ground areas, the resulting DSM looks more noisy than the
LIDAR DSM.

- 168 -

7. Performance Evaluation

Figure 7-14c: 3D visualization of the 2m LIDAR DSM (left) and the 5m generated DSM
(right) of the mountainous areas. The small valleys in the mountains and some detailed
patterns of forest areas are visible in both DSMs. However, in bare ground areas, the
resulting DSM looks more noisy than the LIDAR DSM.
The quantitative evaluation of the resulting DSM was conducted by comparing it to the
LADAR DSM. Nearly 40 million elevation points were used in statistical computations.
Tables 7-6 and 7-7 show the results of the interpolated DSM points, based on the raw results,
without any a posteriori manual editing procedure applied. We computed the differences of
reference DSM minus the interpolated heights from our generated DSM. The accuracy of the
generated DSM is at the 1 – 5 pixels level. It depends on the terrain type. In order to clearly
analyse and explain the height differences between the LIDAR and resulting DSMs, in Figure
7-15, we showed several subimages which were superimposed with individual elevation
points from the LIDAR DSM. For each elevation point, a RGB colour value was given
according to its height difference. Thus, points with red colour indicate their reference heights
were larger than the interpolated heights from the resulting DSM. The smaller the height
differences, the darker the given colour values. The results can be summarised as follows:
(1) An accuracy of 1 m or even at sub-meter level can be achieved in bare ground areas. We
could not select truly bare ground areas, instead our areas still contain many sparse trees
and small clusters of houses. The analysis shows that in bare ground areas more than 80
percent of the points have differences of less than 2m (Figure 7-15(a) and (b)). Around
the areas of sparse trees and small houses, the resulting DSM is lower than the laser
DSM. This can be expected because usually these small features were either smoothed
out by our matching method or removed in the automated blunder detection procedure
since they show sharp isolated peaks. However, they are still represented in the laser
DSM.
(2) A bias of about 1.0-1.2 m can be observed in the triplet part of the test area. This could be
due to the IKONOS interior orientation errors. A part of differences is also due to the 3
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years difference between acquisition of the laser DSM and the IKONOS images, and
regarding the trees/bushes due to the different state of the trees.
(3) The height difference values show some stripe-like patterns in Figure 7-15(c). In these
stripes, the average height jump at profiles (in open, not rugged areas, ideally with
enough texture) was about 1.3 m to 1.5 m, corresponding to a parallax error in flight
direction of about 0.7-0.8 pixels, while the parallax error in across-flight direction was
only 0.15-0.2 pixels.
(4) In urban and forest areas the accuracy becomes worse, which is due to the fact that the
reference LIDAR measurements and the DSM determined in matching may refer to partly
different objects. Usually, the generated DSM is higher than LIDAR DSM in forest areas
(LIDAR sometimes can penetrate the trees) and narrow low-lying objects (like streets in
very dense residential areas). However, for buildings large enough, the two DSMs
coincide quite well (Figure 7-15(d) and (e)).
(5) Other factors that influence the matching are the long and strong shadows (sun elevation
angle was just 19°) and occlusions, especially in the mountain areas and very low
textured snow areas. In steep mountain areas (slope is more than 70°), there are also some
blunders with more than 400 m difference. They are mainly caused by occlusions. In
addition, the smoothness constraints smoothed out some steep and small features of the
mountain areas (mainly under the shadows) because there were not enough extracted and
matched edges.

(a) Open area

(b) Open area in mountainous region

(c) Strip-like pattern found in height difference values
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(d) City area
5.0m

(e) Tree area
0.0m

-5.0m

Figure 7-15: Subimages superimposed with elevation points of the LIDAR DSM. The
RGB color value for each individual point was given according to its height difference.
The meaning of the color is explained by the legend displayed above.
(Red: the reference height is larger than the interpolated height from the resulting DSM.
Green: the reference height is smaller than the resulting height).

7.4 SPOT5 HRS Image Dataset, Bavaria, Germany
The HRS (High Resolution Sensor), carried on SPOT-5, is the first high-resolution sensor on
the SPOT constellation that enables the acquisition of stereo images in pushbroom mode from
two different directions along the trajectory. Our group joined the HRS Scientific Assessment
Program (HRSSAP), organised by CNES and ISPRS. The initiative, announced in Denver in
2002 at the ISPRS Commission I Symposium, has the aim to investigate the potential of the
SPOT-5/HRS sensor for DTM generation in order to help CNES to improve its future Earth
Observation systems and all users to better know and trust the accuracy and quality of the
HRS instrument and the derived DTM (Baudoin et al., 2003). Our group joined the Initiative
as Co-Investigator, that is, it processed the data provided by one of the Principal Investigators,
generated the DSMs, compared them to the reference DTMs and presented a quality report.
Within the Initiative, CNES and DLR Oberpfaffenhofen provided the data set NO. 9
(Chiemsee). The dataset consists of the following components:
• Two images from SPOT5-HRS sensor with corresponding metadata files.
A stereo pair was acquired on 1st October 2002 in the morning from 10:15 to 10:18 (forward
view) and from 10:18 to 10:21 (backward view) over a study area of approximately 120 × 60
km2 in Bavaria and Austria. Each image has a size of 12000 × 12000 pixels, with a ground
resolution of 10m in cross-track and 5 m in along-track (parallax) direction. The scenes were
acquired in panchromatic mode in stereo viewing along the flight direction with a base-toheight ratio of 0.8, when the two telescopes contained in the HRS instrument scanned the
ground with off-nadir angles of +20° (forward image) and –20° (backward image). Each
telescope has a 580 mm focal length and a focal plane with a CCD line of 12000 pixels, 6.5
µm size. The images covered an area with flat, hilly and mountainous (Alps) terrain,
agriculture areas, towns, rivers and lakes. The elevation ranges from 400 m to 2000 m. Clouds
are absent.
The metadata files contained the information on the acquisition time and image location,
ephemeris (sensor position and velocity from GPS at 30 seconds time interval, attitude and
angular speeds from star trackers and gyros at 12.5 seconds interval), sensor geometric
(detectors looking angles) and radiometric calibration.

- 171 -

7. Performance Evaluation
• The description of the exact position of 81 GCPs in Germany, measured with surveying
methods. The coordinates were given in the Gauss-Krueger system Zone 4 with Besselellipsoid and Potsdam datum. From the available 81 GCPs, only 41 have been identified in
the images. The image coordinates of these points have been measured semi-automatically
with least squares matching. The final point distribution is shown in Figure 7-16(b).
• Six reference DTMs are available, they are produced by Laser data and conventional
photogrammetric and geodetic methods:
(1) 4 DTMs in southern Bavaria (Prien, Gars, Peterskirchen, Taching) created from Laser
scanner data with a point spacing of 5 meters and an overall size of about 5 km × 5 km.
The height accuracy is better than 0.5 m;
(2) 1 DTM (area of Inzell, total: 10 km × 10 km, 25 m spacing) partly derived from laser
scanner data (northern part, height accuracy better then 0.5 m) and partly derived from
contour lines 1:10 000 (southern part, height accuracy of about 5 m);
(3) A large coarse DTM (area of Vilsbiburg, 50 km × 30 km) with 50 m spacing and a height
accuracy of about 2 meters, derived by conventional photogrammetric and geodetic
methods.
In Table 7-8 the principal characteristics of the reference DTMs are summarized. The
locations of these reference DTMs are marked in Figure 7-16(a).

Flight direction

(a)
(b)
Figure 7-16: SPOT-5/HRS forward scene (5m resolution in along-track and 10m
resolution in cross-track direction) with some topographic elements.
(a): Labels shown in white are names of some towns, rivers and lakes and
black boxes represent locations of the reference DTMs with the same notation
used in Table 7-8.
(b): Distribution of 41 GCPs that could be used for image orientation (in black).
Table 7-8: Characteristics of the reference datasets
DEM Name

Location

DEM-1
DEM-2
DEM-3
DEM-4
DEM-5-1
DEM-5-2
DEM-6

Prien
Gars
Peterskirchen
Taching
Inzell-North
Inzell-Sourth
Vilsbiburg

DEM Spacing
(meters)
5×5
5×5
5×5
5×5
25 × 25
25 × 25
50 × 50

Source

DEM Size

Laser Scanner
Laser Scanner
Laser Scanner
Laser Scanner
Laser Scanner
Contour lines
photogrammetry

5km × 5km
5km × 5km
5km × 5km
5km × 5km
10km × 1.3km
10km × 7.7km
50km × 30km

Height Accuracy
(meters)
0.5
0.5
0.5
0.5
0.5
5.0
2.0
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To orient the SPOT5 HRS images, two approaches based on the rigorous models and the
rational function models were used. Here we just used the second approach for precisely
orienting the images. For the first approach, please refer to Poli et al. 2004 for details.
The second approach is based on the RPC (Rational Polynomial Coefficients) camera model.
The idea is to express the camera model contained in the metadata file with suitable rational
functions and apply a bock adjustment to correct for remaining systematic errors. The
procedure consists of two main steps:
(1) RPC model estimation. After generating a 3D grid of points using the given camera
model parameters, the ephemeris and the attitude data attached in metadata files, the RPC
coefficients were determined by a least-squares approach without GCPs. For details see
section 2.3.2 or Tao et al. 2001. In this step, the 3D grid of object points was generated
from the image-space coordinates (241 × 241 points in image space with a step of 50
pixels), for a set of elevation levels (21 levels from 400 m to 1600 m). The RPCs were
computed for the whole test HRS scenes with an internal fitting accuracy of 0.07 pixels
(RMSE) and 0.23 pixels maximum difference.
(2) Block adjustment with the computed RPC model. After the RPC generation in step (1), a
block adjustment was performed in order to estimate 6 parameters for each image (affine
transformation) to remove remaining systematic errors. As mathematical model of the
adjustment, we used the method proposed by Grodecki and Dial, 2003.
The block adjustment results are shown in Table 7-9 and Figure 7-17.

Figure 7-17: Results in planimetry (left) and height (right) from the block adjustment with
the RPC model (plus 6 affine transformation parameters for each image) and 41 GCPs.
Table 7-9: RMSE Results from block adjustment with computed RPC model
(plus 6 affine transformation parameters for each image)
Number of GCPs +
CPs
4 + 39
8 + 35
43 + 0

RMSE in East
(m)
5.28
5.63
4.63

RMSE in North
(m)
3.87
3.96
3.66

RMSE in Height
(m)
2.64
2.38
2.21

The test area includes a mountainous area (rolling and strongly inclined alpine area) on the
South part and some hilly areas (rough/smooth and weakly inclined areas) on the North part.
In order to capture and model the terrain, our DSM generation system not only generated a
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large number of mass points (ca. 8.4 million points) but also produced line features (ca.
215,700 edges). The TIN based DSM was generated from the mass points and the edges (as
break-lines). Examples of the edge matching are shown in Figure 7-18. As can be seen in this
Figure, even in areas of steep mountains there are many successfully matched line features
and they are necessary for modeling the very rough and steep mountainous terrain. Some
areas, such as lakes and rivers, were manually set as “dead” areas via a user-friendly
interface. Considering the characteristics of the SPOT5 HRS image data, some small
modifications were made to our system:
1) The HRS imagery has 10 meters resolution in cross-track direction and 5 meters in alongtrack direction (the parallax direction), this configuration may result in better accuracy for
point determination and DSM generation, but it makes matching (area-based) more
difficult. So the MPM matching procedure was performed on the resampled HRS images
(from 10 × 5 meters to 10 × 10 meters) and, finally Least Squares matching was
performed on the original images in order to keep the matching accuracy. This two-step
method resulted in the reduction of the search distance (equivalent to reducing the
possibility of false matching and processing time) and smaller terrain-caused image
distortion.
2) In some difficult areas, e.g. narrow and steep geomorphological features, a few manually
measured points were introduced as “seed points”. It provided better approximations for
the matching.
Finally, a 25-m regular spacing grid DSM (about 120 × 60 km2) for the study area was
interpolated from the raw matching results and shown in Figure 7-19(a). As can be seen from
the comparisons shown in Figure 7-19(b) and (c), the shape of the generated DSMs is similar
to the reference DEMs, but smoother. This can be expected from the limited resolution of the
satellite images.
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Figure 7-18. Two examples of edge matching in rough and steep mountainous areas. The
matched edges are shown in white color and they are necessary for modeling this kind of
terrain.
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Figure 7-19(a): 3D visualization of the extracted DSM (25 m spacing, 120 × 60 km2) of the
study area. Blue areas represent the locations of lakes and rivers.

Figure 7-19(b): 3D visualization of the reference DTM (left: 5 meter grid of dataset “DEM2”) and the generated DSM (right: 25 meter grid)

Figure 7-19(c): 3D visualization of the reference DTM (left: 25 meter grid of dataset
“DEM-5-2”) and the generated DSM (right: 25 meter grid)
Table 7-10 shows the accuracy evaluation reports with our DSM generation approach. The
results are comparisons between the reference DTM and the generated DSM (directly derived
from the matching results without editing). In the accuracy evaluation, we compute the
differences between the heights of reference DTMs and the interpolated heights from our
DSMs. From Table 7-10 it can be seen that:
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1) The accuracy of the generated DSM is more or less at 1 – 2 pixels level. It depends on the
terrain type. Higher accuracy can be achieved in smooth / flat areas (DEM-1 to DEM-4)
while in the mountainous areas the accuracy becomes worse (DEM-5-1 and DEM-5-2).
2) All datasets there still contain few blunders which failed to be detected. In mountain areas
like “DEM-5-2” some blunders are even above 100 meters, with bias up to 1.0 pixels.
3) The results exhibit significant biases. In the datasets “DEM-5-1” and “DEM-5-2” the bias
is about 1.0 pixels. Except the results of “DEM-6”, all the biases are negative, that
indicates the resulting DSMs are higher than the reference DTMs.
Table 7-10: DSM accuracy evaluation report
(all points of the reference DTMs were used)
DEM Name
DEM-1
DEM-2
DEM-3
DEM-4
DEM-5-1
DEM-5-2
DEM-6

Terrain
Characteristic
Smooth, weakly
inclined
Smooth, weakly
inclined
Smooth, weakly
inclined
Smooth, weakly
inclined
Rough, strongly
inclined
Rolling, strongly
inclined
Rough, weakly
inclined

No. of Points

Maximum
Difference

Minimum
Difference

Average
(meters)

RMSE
(meters)

1000000

25.1

-32.9

-2.6

5.7

32932

1000000

29.1

-37.1

-1.2

5.0

33450

1000000

20.7

-17.2

-0.5

3.2

32067

1000000

13.6

-23.1

-2.5

4.7

10327

21200

19.2

-33.5

-5.8

8.3

71795

139200

136.8

-89.3

-4.3

9.5

130558

600000

26.8

-27.1

1.5

4.0

Matched

Reference

35448

For further analysis, the 2D distribution and frequency distribution of the height-differences
are shown in the second column and the first row of the third column of Figure 7-20. From
this figure we observe:
1) There appear two peaks in the frequency distribution of the height-differences, one
locates around the value 0.0 and another around a negative value. The relative frequency
values are correlated to the percentage of the tree-covered areas.
2) The tree-covered areas have a negative height-difference (the areas shown in green color),
while the open areas have small height-difference values which are around 0. From these
results it can be concluded that the bias is mainly caused by trees. This is a main problem
of extracting DEM by using optical imaging systems, since the light cannot penetrate the
vegetation. For this reason the areas covered by trees were manually masked out and the
accuracy evaluation was repeated. The percentage of removed points was about 25, 26,
17, 28, 75 and 71 for reference DEM-1, -2, -3, -4, -5-1, -5-2 and –6 respectively. The new
accuracy evaluation results are reported in Table 7-12. As expected, the negative bias was
reduced. This is also graphically confirmed by the new frequency distribution shown in
the second row of the third column of Table 7-11.
3) In steep mountainous areas (DEM-5-1 and DEM-5-2), there are also positive heightdifference values. They are probably caused by the presence of blunders or by local
smoothness constraints used in our matching algorithm. The smoothness constraints
smooth out some steep and small features of the mountainous areas under the condition
that there are not enough extracted and matched line features.

- 177 -

7. Performance Evaluation

DEM-1

DEM-2

DEM-3
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DEM-4

DEM-5-1

DEM-5-2

30 M

0

-30 M

Figure 7-20. Accuracy analysis based on terrain height differences
Left: Name of the reference dataset;
Middle: 2D distribution of the height-differences (the green channel shows the negative
height-difference values and the red channel shows the positive values, the
following color bar shows the scale of the difference values);
Right-Top: Frequency distribution of the height-differences with all reference points
Right-Bottom: Frequency distribution of the height-differences without the tree-covered
areas
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Table 7-12: DSM accuracy evaluation report without the tree-covered areas
DEM Name

Terrain Characteristic

Maximum
Difference

Minimum
Difference

Average
(meters)

RMSE
(meters)

DEM-1

Smooth, weakly inclined

15.4

-23.7

-1.7

4.6

DEM-2

Smooth, weakly inclined

29.1

-31.7

0.2

3.6

DEM-3

Smooth, weakly inclined

20.7

-13.6

0.1

2.9

DEM-4

Smooth, weakly inclined

10.5

-18.4

-1.2

3.2

DEM-5-1

Rough, strongly inclined

19.1

-13.3

-1.7

4.9

DEM-5-2

Rolling, strongly inclined

49.8

-66.8

-1.3

6.7

DEM-6

Rough, weakly inclined

26.8

-25.9

2.1

4.4

Table 7-13: Accuracy analysis based on orthogonal distances. In each comparison the
absolute maximum distance, the average distance, the standard deviation and the
RMSE are shown in meters
DEM Name

Terrain Characteristic

Maximum
Distance

Average
distance

Standard
Deviation

RMSE

DEM-1

Smooth, weakly inclined

18.7

2.2

1.7

2.8

DEM-2

Smooth, weakly inclined

37.5

2.7

2.0

3.4

DEM-3

Smooth, weakly inclined

21.4

2.7

1.8

3.2

DEM-4

Smooth, weakly inclined

20.0

2.2

1.6

2.7

DEM-5-1

Rough, strongly inclined

26.3

6.4

4.4

7.8

DEM-5-2

Rolling, strongly inclined

70.1

6.0

5.0

7.8

In order to evaluate the real performance of our DSM generation system, that is, evaluate the
measurement accuracy of the automated derived DSMs through image matching, an accuracy
evaluation was further made based on the orthogonal distance between two surface models.
This accuracy evaluation has been carried out with the commercial software Geomatic Studio
V.4.1 by Raindrop. The software calculates the normal distance between each triangle of a
surface (in our case the reference DTMs) and the closest point belonging to a point cloud (in
our case, the resulting DSMs). The DSMs have been compared to the reference ones. The
results (all points of the reference DTMs were used) are reported in Table 7-13. As can be
seen, a large reduction of the mean distance and standard deviation has been found in all
datasets. This demonstrates that part of the errors estimated with the traditional height
accuracy tests probably result from the modeling errors (ME) and the planimetric errors
(PME). Again, the larger errors have been found in mountainous areas (DEM-5-1 and DEM5-2), while in flat and smooth areas the accuracy of the generated DSMs is much better (ca.
0.5 pixels level).

7.5 Summary
In this chapter, we have presented the performance evaluations made for our automatic DSM
generation system. The evaluation includes both the qualitative and visual inspection of the
generated DSMs, and the quantitative and statistical evaluation of the DSMs with higher
accuracy reference datasets. In the evaluation procedure, DSMs were extracted from different
kinds of linear array images over different types of landcovers: centimeter-level high
resolution SI images, 1-meter resolution IKONOS images and 5-meter resolution SPOT5
HRS images. The computed DSMs were then evaluated and compared with reference data
generated from airborne LIDAR or manual measurements.
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As evidenced by the visual inspection of the results, we can reproduce not only the general
features of the terrain relief, but also detailed features of relief. When the image resolution
becomes higher, we can reproduce the full terrain relief better with higher topographic details
and smaller geomorphological features.
The results from the quantitative accuracy test indicate that the presented system leads to
good results. The largest errors usually occurred in the shadow, trees and building covered
areas and the best results were obtained in open areas. If the bias introduced by trees and
buildings is taken out, we can expect a height accuracy of one pixel or even better from
satellite imagery (e.g. IKONOS and SPOT5) as “best case” scenario. The RMSE values of
0.12-0.28 m (2.5-5 pixels) for SI images, 1.3-1.5 m (1-2 pixels) for IKONOS images and 2.94.6 m (0.5-1 pixels) for SPOT5 HRS images in open areas are a good performance indication
of our system for DSM generation. In the case of very high-resolution SI images (footprint 6
cm and better) it is obvious that the “one pixel rule” cannot be maintained any more. The
surface roughness and modeling errors alone will lead to large deviations, such that an
accuracy of 2.5 to 5 pixels should be considered as a acceptable result. This is at the same
level as the laser scanning results. Of course, the photogrammetric data can also be produced
with the same or even better point density or distribution, especially at those very steep
surface discontinuities. On the other hand, with these accuracies we do by far not live up to
the standards set by manual measurements, but we do that with the advantage of a great gain
in automation and processing speed.
As demonstrated from the analysis, a major problem left is the control and automated
detection of the blunders, which still infest the results (although they just occupy a very small
portion of the results), despite the simultaneous matching of more than two images. The
problem mainly originates from the occlusion problems, which are very difficult to be solved.
This problem also constitutes a serious topic for the further research.
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In this dissertation, we have presented an advanced image matching approach for automatic
DSM generation from linear array images, which has the ability to provide dense, precise and
reliable results. The approach integrates different matching primitives, uses all available and
explicit knowledge concerning the image geometry and radiometry information, combines
several image matching algorithms and automatic quality control, and works with a coarse-tofine hierarchical matching strategy. The new characteristics provided by the linear array
imaging systems, i.e. the multiple view terrain coverage and the high quality image data, are
efficiently utilized in this approach.
In this chapter, we first summarize the major achievements of the developed system in
Section 8.1. Then the conclusions are drawn in Section 8.2. Finally, in Section 8.3
recommendations for further research and improvements are given.

8.1 Summary of achievements
The most outstanding characteristics of our developed matching approach are the efficient
using of multiple images and the integration of multiple matching primitives for automatic
DSM generation. With this system, we take the linear array images and the given or
previously triangulated orientation elements as inputs. After pre-processing of the original
images and production of the image pyramids, the matches of three kinds of features, i.e.
feature points, grid points and edges, on the original resolution image are finally found
progressively starting from the low-density features on the images with the low resolution.
Since all the matching procedures are based on a concept of matching guided from the object
space, any number of images can be processed simultaneously. A TIN form DSM is
reconstructed from the matched features on each level of the pyramid by using the
constrained Delauney triangulation method. It is used on the subsequent pyramid level for the
approximations and adaptive computation of the matching parameters. Finally least squares
matching methods are used to achieve more precise matches and identify some false matches.
The presented approach essentially consists of several mutually connected components: the
image pre-processing, the multiple primitive multi-image (MPM) matching, and the refined
matching using the least squares approach.
● Image pre-processing
A pre-processing method, which combines an adaptive smoothing filter and the Wallis
filter, is developed in order to reduce the effects of the inherent radiometric problems and
optimize the images for subsequent feature extraction and image matching procedures. The
method mainly consists of 3 processing stages. In the first stage, the noise characteristics
of the images are analyzed quantitatively in both homogeneous and non-homogeneous
image regions. The image blur problem (image unsharpness) is also addressed through the
analysis of the image’s Modulation Transfer Function (MTF). Then, an adaptive
smoothing filter is applied to reduce the noise level and at the same time, to sharpen edges
and preserve even fine detail such as corners and line end-points. Finally, the Wallis filter
is applied to strongly enhance and sharpen the already existing texture patterns.
● Multiple primitive multi-image (MPM) matching
The MPM matching procedure is the core of our approach. In this approach, the matching
is performed with the aid of multiple images, incorporating multiple matching primitives –
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feature points, grid points and edges, integrating local and global image information and
utilizing a coarse-to-fine hierarchical matching strategy.
The MPM approach mainly consists of 3 integrated subsystems: point extraction and
matching procedure, edge extraction and matching procedure and relational matching
procedure. These 3 subsystems are followed through the image pyramid. The results at
higher levels of the image pyramids are used for guidance at the lower levels. At each
pyramid level, the correspondences are established at two matching stages – locally and
globally. At the local matching stage dense patterns of points and edges are matched. The
global matching stage is responsible for imposing global consistency among the candidate
matches in order to disambiguate the multiple candidates and avoid mismatches. The
global matching is resolved by a probability relaxation based relational matching method.
It uses the local support provided by points within a 2D neighborhood. This corresponds to
imposing a piecewise smoothness constraint, in which the matched edges serve as
breaklines in order to prohibit the smoothness constraint crossing these edges and preserve
the surface discontinuities.
● Refined matching with the least squares approach
The modified MPGC and the LSB-Snakes methods are used to achieve potentially subpixel accuracy matches and identify some inaccurate and possible false matches. The
initial values of the shaping parameters in MPGC matching can be predetermined by using
the image geometry and the derived DSM data. Finally, for each matched point, a
reliability indicator is assigned based on the analysis of the matching results. For edges, a
simplified version of the Least Squares B-Spline Snakes (LSB-Snakes) is implemented to
match the edges, which are represented by parametric linear B-spline functions in object
space. With this method, the parameters of linear B-spline functions of the edges in object
space are directly estimated, together with the matching parameters in the image spaces of
multiple images.
The system has been tested extensively with linear array images of different image resolution
and over different landcover types. As evidenced by the visual inspection of the results, we
can reproduce not only the general geomorphological features of the terrain relief, but also
detailed features of relief. The results from the quantitative accuracy test indicate that the
presented concept has the capability to give good and encouraging results. If the bias
introduced by trees and buildings is taken out, we can expect a height accuracy of one pixel or
even better from satellite imagery as “best case” scenario. In case of very high-resolution
TLS/SI images (footprint 8 cm and better) it is obvious that the “one pixel rule” cannot be
maintained any more. Alone surface roughness and modeling errors will lead to larger
deviations, such that an accuracy of 2 to 5 pixels should be considered an acceptable result.
To summarize, our automatic DSM generation system is characterized by the following items:
● Multiple image matching: We have developed a new flexible and robust matching
algorithm – the Geometrically Constrained Cross-Correlation (GC3) method in order to
take advantage of the multiple images. The algorithm is based on the concept of multiimage matching guided from object space and allows reconstruction of 3D objects by
matching all the images at the same time, without having to go through the processing of
all individual stereo-pairs and the merging of all stereo-pair results. The GC3 method leads
to a reduction of problems caused by occlusions, multiple solutions, and surface
discontinuities.
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● Matching with multiple primitives: We have developed more robust hybrid image
matching algorithms by taking advantage of both area-based matching and feature-based
matching techniques and utilizing both local and global image information. In particular,
we combine an edge matching method with a point matching method through a
probability relaxation based relational matching process.
● Self-tuning matching parameters: The adaptive determination of the matching
parameters results in higher success rate and less mismatches. These parameters include
the size of the correlation window, the search distance and the threshold values. This is
done by analyzing the results of the higher-level image pyramid matching and using them
at the current pyramid level.
● High matching redundancy: With our matching approach, highly redundant matching
results, including points and edges can be generated. Highly redundant matching results
are suitable for representing very steep and rough terrain and allow the terrain
microstructures and surface discontinuities to be well preserved. Moreover, this high
redundancy also allows automatic blunder detection. Mismatches can be detected and
deleted through the analysis and consistency checking within a small neighborhood.
● Efficient surface modeling: The object surface is modeled by a triangular irregular
network (TIN) generated by a constrained Delauney triangulation of the matched points
and edges. A TIN is suitable for surface modeling because it integrates all the original
matching results, including points and line features, without any interpolation. It is
adapted to describe complex terrain environments that contain many surface
microstructures and discontinuities.
● Coarse-to-fine hierarchical strategy: The algorithm works in a coarse-to-fine multiresolution image pyramid structure, and obtains intermediate DSMs at multiple
resolutions. Matches on low-resolution images serve as approximations to restrict the
search space and to adaptively compute the matching parameters. The least squares
matching methods are finally used to achieve potential sub-pixel accuracy matches for all
the matched features and identify some inaccurate and possibly false matches.

8.2 Conclusions
The system presented in this dissertation fulfils the requirements of the TLS/SI image
processing project and it has been implemented in the application software for automatic
DSM/DTM generation. Thus, from an application point of view, the major result of this
dissertation is that the developed system can be used for real applications of producing
DSMs/DTMs from TLS/SI images and high-resolution satellite images. In the following,
conclusions are drawn according to the tests made for TLS/SI and high-resolution satellite
images.
Good performance of an automatic DSM generation system naturally depends on the quality
of the images and the quantity of information being carried by them. In order to reduce the
effects of the inherent radiometric problems and optimize the images for subsequent feature
extraction and image matching procedure, a pre-processing method, which combines an
adaptive smoothing filter and the Wallis filter, is developed. It can be applied to both the 8bit/pixel and 16-bit/pixel (efficiently 12-bit/pixel) images. Experimental results show that the
method could reduce the image noise and in the same time sharpen edges and preserve even
fine detail such as corners and line endpoints. The pre-processing method results in
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improvements for image matching in terms of reducing the number of mismatches for
“homogeneous” areas and especially for dark shadow areas.
The simultaneous matching of more than 2 images proved to be necessary and important for
solving problems caused by occlusions, multiple solutions, and surface discontinuities. In
addition, higher measurement accuracy can be achieved through the intersection of more than
two imaging rays. In our system, a unique and robust matching algorithm, the Geometrically
Constrained Cross-Correlation (GC3) algorithm is developed. The algorithm is based on the
concept of multi-image matching guided from object space and allows reconstruction of 3D
objects by matching all the images at the same time, without having to go through the
processing of all individual stereo-pairs and the merging of all stereo-pair results. It implicitly
integrates the epipolar geometry constraint for restricting the searching space and has the
ability to solve problems caused by repetitive structures and occlusions to a certain extend.
The self-tuning of the matching parameters also proved to be useful for reliable image
matching. These parameters include the size of the correlation window, the search distance
and the threshold values for correlation coefficient. In our system, we choose these
parameters by analyzing the image content, the results of the higher-level image pyramid
matching and use them at the current pyramid level. Thus, in flat terrain areas or poorly
textured image regions, the correlation window size increases and the search distance
decreases; however, in rough terrain areas or highly textured image regions, the window size
and the threshold values for correlation coefficient decreases, the search distance should
increases. The adaptive determination of the matching parameters results in higher success
rate and less mismatches.
The matching and integration of highly redundant multiple primitives is one of the key
components in our system to achieve reliable matching results. Matching with edges, feature
points and uniformly distributed grid points turns out to be a good choice for automatic DSM
generation. Firstly, we use the point matching procedure to produce a dense and accurate 3Dpoint cloud. The grid points are matched in order to provide reasonable results to bridge over
image regions of poor or even without textures. Then, we use the edge matching procedure to
generate coarse but stable results, since edges have higher semantic information and they are
more tolerant to image noise. Finally we employ a relaxation based relational image matching
algorithm to integrate the matched points and edges. The algorithm imposes a piecewise
smoothness surface constraint which is bounded by the edges, examines the matching
candidates by computing how much support they receive from their local neighborhood and
finally selects the candidate that gains the highest support as the correct match. With the
smoothness constraint, areas with homogeneous or poor texture can be bridged over by
assuming that the terrain surface varies smoothly over the area. At the same time, the surface
discontinuities can be preserved because the smoothness constraints cannot cross the edges.
Furthermore, highly redundant matching results are suitable for representing very steep and
rough terrain and allow the terrain microstructures and surface discontinuities to be well
preserved. The high redundancy also allows automatic blunder detection. Mismatches can be
detected and deleted through the analysis and consistency checking within a small
neighborhood.
It is shown that the automatic quality control is critical for a precise and reliable image
matching procedure. In our system, a reliability indicator is assigned to each matching
primitive according to the analysis of the GC3 and MPGC matching results. The reliability
indicator serves three main purposes. Internally, it functions as the initial probabilities and is
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updated iteratively in the relational matching procedure. Externally, it gives certain reliability
measures for the matching results and can be further used for large-scale blunder detection
and manually editing the results by the users. Finally, it serves as a weighting factor for other
subsequent procedures that utilize the matching results, for example, interpolating the raster
DSMs, thus decreasing the influence of the remaining small-scale blunders.
It is also shown that the key to successful and reliable matching is the matching of dense
pattern of features with an appropriate matching strategy, making use of all available and
explicit knowledge, concerning sensor model, network structure and image content such as
the epipolar geometry constraints and the piecewise smoothness surface model. A coarse-tofine hierarchical approach, combined with efficient implementation of the epipolar geometry
and the piecewise smoothness surface constraint, was found to be very important in order to
control the computational complexity and to ensure a high reliability for the final matched
results.

8.3 Further investigations and improvements
We have demonstrated a usable approach for automatic DSM generation from linear array
images, which has the ability to provide dense, precise and reliable results. The most
outstanding characteristics of this approach are simultaneous matching of multiple images and
the integration of multiple matching primitives. Although the experimental results have
demonstrated that our approach has the capability to give good and encouraging results, there
are still a lot of interesting issues which can be and even need to be improved. Future work
should be directed towards improving each individual component such as the feature
extraction and feature matching, wherever possible. As main topics one can list:
● Improve the performance of the GC3 algorithm for handling the most difficult problem –
the occlusions. With the current implementation, the occlusion problem could be correctly
resolved under the condition that the feature being matched is occluded in some stereo
pairs and the number of these pairs is less than half of the total number of stereo pairs (see
section 5.2.3.3). In case of having only image triplets (2 stereo pairs), the occlusion is still
a main problem which prevents from obtaining a correct surface model and it contributes a
main source of mismatches to our system. Matching with more than 3 images can be a
solution, however, we still have to consider the cases (high-resolution satellite images)
where only stereo pairs or image triplets are available.
● Improve the methods or develop new methods for edge extraction and matching. With
the current implementation, some edges, especially weak edges in the shadow areas cannot
be extracted and matched. The consequence is that the smoothness constraints, which are
used in the probability relaxation based relational matching process will smooth out some
steep and small features of the terrain surface.
● Derivation of more efficient quality control measures. The quality control procedure
should be assessed by well-defined measures that are derived from the used models and
the parameter estimation method. These measures should be based on sound mathematical
and statistical concepts. A major problem left in our system is the control and automated
detection of small blunders, which still infest the results, despite the simultaneous
matching of more than two images. This constitutes a relevant topic for further research.
● Optimize the algorithms and reduce the processing time. The huge size of the image data
must be considered during the design of a practical image matching system, in particular
for the very high-resolution TLS/SI images. Some algorithms implemented in the practical
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TLS/SI image processing software were simplified in order to ensure a reasonable
computational time. This however carries the risk of reducing the quality of the resulting
DSMs. Therefore, how to draw a compromise between the algorithm complexity and
efficiency constitutes another topic for further development.
● In principle, by just replacing the sensor models, the approach can be further extended to
other image sources such as the traditional aerial photos, and has the possibility to
integrate existing data sources like DSMs/DTMs. Further work will include experimental
tests with multiple aerial images (both scanned images and digital ones) and close-range
images.
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