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Abstract 

Mobile mapping systems typically employ a combination of satellite (GPS) , inertial 

(INS) and other sensors to georeference the digital imagery captured by the mapping 

platform. An alternative, imagebased bridging strategy is presented in this research, 

based on the processing of the sequence of stereo imagery. 

A featurebased approach to the motion estimation problem is adopted, based 

on four primary steps: (1) extraction of candidate features from each image inde- 

pendently: (2) establishment of stereo correspondence within each stereo pair: (3) 

establishment of temporal correspondence between adjacent stereo pairs: and (4) de- 

terminat ion of the orientation parameters of the subsequent stereo pairs relative to 

the first. .A high degree of automation and reliability, quantitative motion estimates. 

and rigorous error propagation, are viewed as key components of the approach. 

Results from real mobile mapping imagery, captured by the VISAT system. are 

presented, and recommendations are made for improving the strategy in future re- 

search. 
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Chapter 1 

Introduction 

1.1 Background 

Geospatid Information Systems (GIs) are increasingly used as powerful toois of 

complex analysis and decision-making in a wide range of urban applications. How- 

ever: their use is often limited in rapidly changing environments, since frequent GIs 

database updates may be timeconsuming, impractical or prohibitively expensive 

using conventional surveying and mapping technology. Hybrid systems. integrating 

niultiple sensors, are being developed to provide cost-effective, robust solutions to the 

challenges of rapid collection, storage, processing and retrieval of accurate geospatial 

informat ion. 

1.2 The VISAT mobile mapping system 

VISAT is a mobile data acquisition system, developed at The University of Calgary in 

cooperation with Geofit, Inc. of Quebec, for rapid GIs data capture and processing. 

The system integrates an Inertial Navigation System (INS), satellite receivers of 

the Global Positioning System (GPS), and a cluster of digital cameras; its name 

is derived from 'Video, Inertial, and Satellite'. The components are mounted on a 

rigid frame on a road vehicle. The design objectives were stated by El-Sheimy and 

Schwm (1994): for example, as follows: 



'The overall objective of the VISAT development was to design a prectse 

mobile survey system that could be operated at speeds of up to  60 lim per 

hour und would achieve an accuracy of 0.3 m (RMS) with respect to the 

gtvm control and a relative accuracy of 0.1 m (RMS) for points within 

a 30 m radius. This nccvracy 2s required i 7 ~  all environments including 

inner cities, where a stand-alone CPS is not reliable. ' 

As outlined by Schwan and El-Sheimy (1996), the operation of VISAT draws 

on advancements in two key areas: (i) precise navigation, and (ii) digital imaging. 

Precise navigation has developed to the stage that it can directly provide values for 

the six (exterior orientat ion) parameters which describe the position arid orientation 

of an image in space. The term direct implies that this is accomplished without 

the use of ground control points and blocks of overlapping photography, as is con- 

ventionally done in aerial photogrammetry. Digital imaging affords the possibility 

of representing classical photogranimetric principles and algorithms in software. and 

the use of relatively inexpensive computer hardware for the processing of imagery 

and the derivation of 3D coordinates. The reliance on specialized photogrammetric 

instrunlents is eliminated. 

Thus, the concept of the georeferenced image as the basic photogramnletric unit 

emerges as the basis for 3D coordinate determination. Each image, stamped with 

its exterior orientation parameters (X, Y, 2, u, 4, n), can be combined with any other 

georeferenced image. Provided that stereo coverage exists, classical stereo triangula- 

tion can be used to determine the 3D coordinates of points of interest (Schwarz and 

El-S heimy, 1996). 



The function of each component of the VISAT system may be explained in terms 

of primary and secondary functions. In terms of primary functions. GPS provides the 

positioning parameters of the sensor platform (X, Y, 2);  INS provides the orientation 

parameters of the platform (w ,$, 6); and the digital cameras provide the capability of 

3D positioning of features of interest relative to the sensor platform through stereo 

triangulation. In terms of secondary functions. GPS provides a well-defined time 

signal, and controls the INS error propagation; INS corrects GPS cycle slips, bridges 

outages in the GPS trajectory, and provides precise interpolation between GPS fixes: 

and the camera cluster provides redundant feature positioning from multiple cameras 

(Schwarz and El-Sheimy , 1996; El-Sheimy: 1996a). 

In essence, then, VISAT operates as follows. During data acquisition. GPS 

arid INS observables are collected at regular time intervals. The digital imagery 

is captured simultaneously, and each image is time-tagged using GPS time. Dur- 

ing post-mission data processing, the GPS and INS data are integrated to provide 

three-dimensional positioning and attitude information at each epoch. These data 

are used to georeference the stereo imagery captured by the cluster of CCD cameras. 

and thus form the basis of the photogammetric positioning system. Stereo triangu- 

lation techniques are subsequently applied to the georeferenced imagery to provide 

three-dimensional coordinates of selected features in object space. 

The operat ion of VISAT, therefore, comprises three steps: (1) data acquisition, 

(2) georeferencing, and (3) feature coordinate determination. This work is primarily 

concerned with the georeferencing aspect of the imagery. 



1.3 Georeferencing 

The process of georeferencing the captured imagery forms the basis of dl subsequent 

steps in the processing stage, and is, therefore, a key component of VISAT opera- 

tion. A general, comprehensive model for the georeferencing of digital imagery using 

GPS/INS data has been developed at The University of Calgary; (see Schwan et al.. 

1993; El-Sheimy and Schwarz, 1994; El-Sheimy , 1996a, for derivations and detailed 

discussion of the model). 

'4s stated by El-Sheimy (1996a), georeferencing is a problem of trajectory de- 

termination. The general motion of each camera in space may be defined by six 

parameters, which are, in general, selected as three position and three orientation 

parameters. VISAT uses the integrated GPS/INS cornpoxlent to determine the nav- 

igation inforn~atio~l (position and attitude) of the sensor platform at regular time 

intervals. This results in an over-determination of the required paranleters. which 

partly accounts for the accuracy and reliability of the integrated system. 

In order to account for the fact that the navigation sensors cannot physically 

occupy the point to be determined (the perspective centre of each camera), the 

georeferencing model incorporates vector offsets and rotations between the respective 

frames of reference. Furthermore, during data acquisition, all data sources have to 

be synchronized at the instant each image is captured. These issues, and others! 

have been addressed in detail by El-Sheimy (1996a). 



1.4 Problem statement and motivation 

As in any system utilizing satellite positioning techniques, such as GPS, there are 

unavoidable occurrences of noisy data and/or loss of signal lock during the data 

acquisition phase. This is especially the case when operating in congested urban 

environments, or encountering tunnels and underpasses on roadways. Currently, 

techniques for dealing with these data interruptions include: 

GPS processing algorithms, and 

a hybrid, mult i-sensor in tegation. 

-4lthough sophisticated GPS processing algori thrns provide accurate solutions to 

a broad range of positioning problems, the accuracy and robustness of these solutioris 

are often limited by noisy data and/or long baseline lengths. Urban areas represent 

particularly hostile environments for the use of GPS positioning techniques, due to 

signal degradation and occlusion, and the degrading effects of multi-pat h. 

Therefore. VIS.4T uses primarily the second approach. which exploits the com- 

plementary characteristics of the GPS and INS sensors, and the high short-term 

accuracy of the INS to bridge outages in the GPS data. Essentially, the INS pre- 

dicted coordinates are utilized to reset the position of the GPS after loss of lock and 

signal reacquisition. However, the length of the bridging interval is limited by the 

quality of the INS, as errors in the INS tend to accumulate rapidly when operating 

unaided (El-Sheimy and Schwarz, 1993). More detailed discussion on INS aiding of 

GPS is discussed by Schwm et al. (1994). 

Notwithstanding the benefits of sensor integration, practical experience has shown 

that the GPS/INS component may not always be able to effectively bridge outages 



in the GPS trajectory. In this case, the positional accuracy may degrade beyond 

some threshold value, and the system may no lcnger meet accuracy requirements. In 

extreme cases, the stereo images cannot be georeferenced, features of interest cannot 

be positioned in object space, and system functionality is lost. 

1.5 Research hypothesis 

This thesis proposes an alternative, image-based bridging strategy, which enables 

the estimation of the three-dimensional motion parameters of the system from the 

sequence of time-varying imagery. Since the strategy is image-based, it operates 

in the absence of GPS/INS data, if required. It is, therefore, applicable when the 

trajectory cannot be bridged using INS data. 

In discussing early rnobile highway inventory systems ( MHIS) (see Lapuclla, 1990. 

for example), which captured and stored video imagery as a visual record of highway 

features and their approximate locations only, El-Sheimg (1996a. Chapter 1) declares: 

"The next major step was made when the information contained in the 

video images was itself incorporated into the measurement process. " 

This step has been realised in VISAT, and systems like it, which are capable of 

accurate 3D positioning from a mobile platform. 

This research addresses what the author believes is the next logical step in the 

evolution of mobile mapping system development. Although, at present, the imagery 

is utilised solely to position features of interest in object space for data acquisition, 

it presents the capability of bridging outages in the GPS/INS trajectory, or, more 

generally, contributing to the positioning and navigation component of the system. 



The principles of analytical aerial triangulation may be adapted, and effectively 

applied to a sequence of stereo imagery. Aerial triangulation (AT) is the process 

of precisely connecting adjacent and overlapping strips of aerial photography for to- 

pographical and resource mapping. AT procedures have made particular progress 

in the past 30 years, mainly in the computational methods of block adjustment. 

Sophisticated algorithms are in use which incorporate self-calibration parameters. 

integrate auxiliary observation data, apply external constraints, and allow for auto- 

rmatic outlier detection (Ackermann and Tsingas, 1994). 

Yore recently, research has focused on automatic aerial triangulation, as a means 

of improving productivity, accuracy, and the reliability of results. The key charac- 

teristic of automatic AT is the automatic and rela'able selection, transfer and mea- 

surement of conjugate points between images. The results of early research, and the 

success of operational systems. led The University of Calgary and others. to suggest 

applying these principles, in adapted forms. to mobile mapping systems (see Toth, 

1995, for example). 

The automatiorl component represents an essential part of the procedure, in 

order to effect high accuracy, economical point transfer of conjugate points. and to 

yield an appropriate number of conjugate points in each image set. A certain level 

of redundancy is required to allow the identification of possible mismatches, and 

provide a reliable assessment of the triangulation accuracy performance. Based upon 

the high accuracy performance of aerial triangulation, the proposed bridging strategy 

presents the possibility of bridging between points along the vehicle trajectory where 

no positional and/or attitude information is available. 

The research objectives may, therefore, be formally stated as follows: 



1. Conduct an investigation into the feasibility of determining the exterior ori- 

entation parameters (X,  Y, 2, w ,  4, n) of the exposure stations (without 

auxiliary control) in stereo image sequences captured by the VISAT mobile 

mapping system; 

2. Design and develop a (semi-)automated strategy for determining these pa- 

rameters, based upon the principles of digtal  photogammetry and computer 

vision: 

3. Implement the strategy using a high-level programming language (C++), and 

4. Test and evaluate the strategy using real VIS.4T stereo image sequences. 

It is the aim of the research that the strategy allow the determination of the 

vehicle trajectory with sufficient accuracy such that the overall systeni accuracy re- 

quirements are still met. This use of the stereo imagery for trajectory determination, 

commonly called optical or passive navigation, represents more complete use of the 

imaging (vision) sensors. 

1.6 Thesis outline 

Chapter 2 presents a review of related literature. Although the automatic orientation 

of images is mentioned as a related topic, the focus is on research which relates more 

directly to the problem at hand. An attempt is made to provide a snapshot of 

the current state of the literature, and highlight similarities and differences between 

related research and the current work. 



Chapter 3 formalizes the problem in terms of coordinate systems, mathematical 

models, and other preliminaries. 

Chapter 4 discusses a study conducted on the feasibility of the approach, from 

a mathematical and algorithmic point of view. This work was performed using 

simulated data, in order to assess the suitability for, and performance of, the proposed 

estimation models using the geometric imaging configuration of the VISAT svstern. 

Appendix A provides supporting graphs relating to the study. 

Chapter 5 provides an overview of the proposed strategy, at a conceptual level. 

This serves to acquaint the reader with the overall approach, and to map the course of 

the detailed discussion which follows. Each aspect of the approach is then exanlined 

in detail in Chapter 6. and aoalysed in terms of its suitability for the problem being 

addressed. 

Results of tests conducted using the implenlented strategy are presented in Chap 

ter 7 .  in conjunction with an analysis of the results, and a discussion of their signif- 

icance. 

Chapter 8 concludes the work, and outlines areas where future research may be 

warranted. 



Chapter 2 

Review of related research 

2.1 Automatic orientation of images 

The objectives of the research are closely related to the photogrammetric tasks of 

automatic orientation of images, and automatic aerial triangulation. Numerous is- 

sues and problems are shared, particularly relating to the tasks of reliable extraction 

of feature primitives for matching, and stereo matching algorithms. 

Notwithstanding this, dealing with near-vertical aerial imagery (particularly small 

scale imagery) allows certain assumptions to be incorporated into the algorithms, ei- 

ther implicitly or explicitly. Examples include approximations of roll and pitch angles 

to zero, locally planar approximations of the earth's surface, approximations of the 

Hying height above terrain, uniform scale throughout the image, no occlusions: and 

so forth. -4 comprehensive review of the current state-of- the-art in automatic in te  

rior, relative and exterior orientation of stereo imagery, with emphasis on orientation 

techrriques for aerial imagery, is provided by Heipke (1996). 

Dealing with blocks of aerial imagery, naturally, introduces other issues which 

have to be addressed, such as the requirements for multiple overlap, and multi-image, 

multi-point matching, strip and block formation, accounting for possibly uneven 

overlap, point numbering issues, identification of ground control points, and the 

large volume of data  to be processed. Schenk (1996) provides a discussion, albeit 

at a high level, of automatic aerial triangulation (AAT), and many of the issues 



mentioned above are addressed in detail by Agouris (1992). 

Although the research work presented in this thesis was, to some degree, inspired 

by recent interest in automatic orientation of aerial imagery, much of the literature 

has a somewhat indirect relationship to the work presented. As a result, having 

mentioned the topic in brief? the interested reader is referred to the review papers 

cited, and the references therein for further details. 

Similarly, exhaustive reviews on stereo matching in general are provided by Dhond 

arid Aggarwal (1989) and .Jones (1997), and the interested reader is, once again. 

directed to these publications and the references cited therein. The extensive bibli- 

ographies in each of these papers (over one hundred references in each!) is indicative 

of the large amount of interest in the area. 

2.2 Analysis of time-varying image sequences 

The areas of structure and motion estimation from time-varying image sequences. 

arid autonomous vehicle navigation, relate directly to this research. 

Aggarwal and Nandhakumar (1988) present an excellent review of past research 

on irrlage sequence analysis for the computation of motion. Although the paper lo- 

cuses mainly on monocular image sequences, techniques for stereo image sequences 

are briefly discussed, and the significance of the correspondence problem is high- 

lighted. 

More recently, Huang and Netravali (1994) review the performance characteristics 

of algorithms for determining 3D motion and structure from corresponding features 

observed at different times, or different viewing positions. As implied by the title 



of the paper, correspondence between features is assumed to be known, and is not 

addressed in their paper. A range of algorithms are described, utilizing point features: 

straight and curved lines, and corners. 

In the sequel, strategies from these research areas which are deemed particularly 

relevant to the current topic, are briefly discussed and reviewed. 

Barnard and Thompson (1980) describe a computational approach to deterrnin- 

ing disparity in a variety of real world scenes. The approach is feature-based. o p  

erating on points extracted using the Moravec interest operator (Woravec. 1977). 

The matching process assigns initial matches based on a correlation-based similarity 

rrietric, and then iteratively refines the probabilities using a relaxation iabelling a p  

proach (Rosenfeld et al., 1976). The authors contend that the approach is applicable 

to disparity caused from binocular parallax, motion parallax, and object motion. and 

that the approach is superior to area-based methods. such as correlation? since the 

problenls of ambiguity (multiple matches) and the sensitivity to distortion are both 

reduced. Results are given for simulated outdoor scenes. 

Hannah (1989) outlines the system developed at SRI International, for aerial 

and close-range imagery. The approach is hierarchical in nature, and utilizes point 

primitives extracted using the Hannah operator (Hannah, 1980), and simple cross- 

correlation. However: a number of novel search strategies and constraints are in- 

corporated to increase the reliability and consistency of the matches. In particular, 

'back-matching' is introduced, in which matching is performed from left-to-right, 

and then repeated independently from right-teleft . Only points which are identi- 

cally matched in both procedures are retained as correct matches. 

A strategy for recovering the epipolar geometry, through the determination of the 



secalled Fundamental Matriz (F-matrix) , was developed by Deriche et al. (1994). 

The algorithm is demonstrated on closerange imagery. Point features are detected 

using the so-called Plessey corner detector (Harris and Stephens, 1988), which de- 

tects high curvature points. Simple cross-correlation is utilized, incorporating a 

number of constraints (for example, correlation score, disparity, and disparity g a -  

dient direction). Left-to-right followed by right- t d e f t  matching is also incorporated 

to increase reliability. Least median of squares is used for robust determinatiorl of 

the final parameters of the F-matrix to recover the epipolar geometry. 

..\ sequential photogrammetric approach is favoured by Kersten and Baltsavias 

(1994) for the estimation of sensor orientation from stereo image sequences. The 

algorithm is demonstrated using an image sequence of approximately 1.4 metres in 

length, captured at video rate from a binocular mobile robot navigating at an average 

velocity of only 48 mm/s in an indoor environment. The Forstner interest operator 

is used to extract circles and corners independently from each image. which are then 

matched using geometrically constrained least squares matching (Baltsavias, 1991). 

Points are tracked independently in each image using the same algorithm. The 

approach works only for small feature displacements (4-5 pixels). Sensor orient at ion 

is estimated using a bundle solution using Givens transformations, and incorporating 

Baarda's method of data snooping for blunder detection. The approach does not 

seem to fully exploit the stereo capability of the system, as features are tracked 

independently in each (monocular) image sequence. 

Different approaches to tracking are explored by Hahn (1993) in a long mono- 

sequence of outdoor images for the estimation of 3D motion of a camera. Point 

primitives, extracted using the Forstner interest operator, are tracked using three 



different approaches. The first uses a Kdman filter to predict the location of the 

tracked features in the subsequent image, and set the size of search windows. The 

second uses a fuzzy focus-of-expansion method to  estimate the rotation of the caniera. 

arid the rotational component of the motion is removed. This leaves a mainly radial 

motion field. The third method uses a hierarchical approach, with least squares 

rriatching (LSM) for feature tracking. The coarse-to-fine strategy allegedly increases 

the convergence range of the LSM to approximately 50 pixels. The author reports 

better tracking results for the LSM methods than for the feature-based methods. 

Edmunson and Novak (1992) address algorithmic aspects, and propose a sequen- 

tial triangulation solution to navigate a mobile mapping system through a period of 

GPS loss-of-lock. X sequential bundle solution using Givens Transfornlations with- 

out square roots is demonstrated on a simulated sequence of 5 stereo pairs only. 

Feature extraction and the correspondence problem are not addressed in this paper. 

Similarly, algorithmic aspects applicable to image sequence analysis are discussed in 

detail by Griim and Kersten (1995), and earlier by Griin (1985b). These papers also 

do not address correspondence analysis. 

In contrast, the approach of Kim and Agganval (1987) focuses explicitly on the 

correspondence problenl in sequences of stereo images, and the subsequent computa- 

tion of the motion parameters through a system of linear equations. The algorithm 

uses both point features? extracted using a modified Moravec operator, and line seg- 

ments, extracted using a zero crossings approach. -4 depth map for each stereo pair is 

computed from the extracted features, using a relaxation labelling approach. Three- 

dimensional features from successive depth maps are then matched, using a twepass 

relaxation labelling scheme, which preserves the geometrical relationships between a 



feature and its neighbours in one depth map, and those between a candidate in the 

other map and its neighbours. Features consistent across both passes are accepted 

as correct. The matched 3D features are used to solve for rotational and translation 

motion separately. Results are given for simulated outdoor scenes. 

Baker and Bolles (1994) describe a real-time system for passive range sensing to 

support autonomous vehicle navigation in an outdoor, off-road environment. The 

strategy is based on checking the consistency of multiple independent and interde- 

pendent matches, and incorporates a temporal consistency analysis. The system 

uses correlation for matching left-teright! followed by right-Weft, and optic flow to 

match features from past to present. The stereo provides estimates of 3D positions. 

nlotiorl tracking is used for temporal correspondence, and a number of consistency 

checks are used to achieve high reliability. The notion of a 'spatio-temporal loop' is 

used to check the consistency of the matches in consecutive stereo pairs. The motio:! 

of the vehicle is estimated using a singular value decomposition (SVD) algorithm. 

Zlleng and Chellappa (1993) outline an automatic approach to feature extraction 

and matching for monocular outdoor image sequences captured at  high data rate. 

The strategy deals with the tracking of features over consecutive frames in two steps: 

firstly. the displacement due to camera motion is compensated using am image reg- 

istration algorithm; and secondly, consecutive frames are transformed to the same 

coordinate system, and feature correspondence is addressed as for a stationary cam- 

era. Interestingly, the authors explicitly address the problem of perspective effects 

through the use of a weighted correlation measure for image matching. The match- 

ing results are further refined using an image 'differential method', which appears to 

be closely related to LSM. 



Algorithms for estimating motion parameters from corresponding sets of 3D 

points features are discussed in detail by Weng and Cohen (1990). .A number of 

motion es tirnat ion algorithms are presented, including both iterative and closed- 

form solutions. Robust estimators are also explored, as a means of dealing with 

outliers arising from noisy measurements, mismatches, and other inadvertent events. 

Results are given for tweview analyses on simulated and real indoor scenes. 

Zhang et al. (1996) deal with the estimation of the camera interior orientation pa- 

rame ters (termed intrinsic parameters by t he authors) , as well as the motion param- 

eters from two stereo views of a scene. Point correspondences are established using 

the approach detailed by Zhang et al. (1995)? which uses a combination of classical 

correlation and relaxation labelling techniques. Then. assuming that point corre 

spondences within each stereo view, and between the stereo views, are established. 

the authors present a non-linear, iterative optimization algorithm to acconlplish the 

task. Results are provided for simple images of an indoor scene. 

Another approach tailored towards stereo imagery captured by a mobile robot 

navigating in an indoor environment is presented in Jennings (1996). The cameras 

are calibrated using the method of Tsai (Tsai, 1987: Lenz and Tsai, 1988), which 

subsequently allows the imagery to be rectified (unwarped) to account for lens distor- 

tion. .A median-filtered stereo disparity map for each image pair is computed. Point 

primitives (comers) are extracted from the imagery using the Plessey corner detec- 

tor, and the disparity map is used to determine corresponding features. Matching is 

done in 3D: and the matched features are used to estimate a transformation, which 

updates the camera location. The coordinates of all 3D features are then updated 

using a Kalman filtering algorithm. Camera translation and rotation is constrained 



to the XY-plane. 

Finally, and most recently, the estimation of the motion parameters of a mo- 

bile mapping system using straight linear features is addressed by Habib (1998). A 

mathematical representation of straight linear features, and perspective transforma- 

tions of the features, is derived and discussed. Equations relating the parameters 

of conjugate lines to the motion parameters of the svstem are also derived. Results 

are provided for the estimation procedure between two adjacent stereo pairs. The 

algorithm was able to estimate only five of the six parameters (a translation param- 

eter in the direction of the lines is indeterminate). The estimated parameters are 

presented; however? no evaluation of the accuracy of the parameters is provided. 

2.3 Synopsis 

In summary, it may be seen that, at a high level of abstraction. the general approach 

to the problem is the same in almost all cases, namely, (1) extract features from 

the imagery, (2) establish correspondence (stereo and/or temporal) and determine 

locations (2D or 3D) of the features, and (3) use the feature correspondences to 

est inlate the motion parameters. However, the algorithms differ in the following 

aspects: 

the type of feature primitives used (points and/or straight line segments, 2D 

versus 3D), 

the strategies and constraints employed for establishing stereo correspondence. 

the approach to establishing and maintaining temporal correspondence (feature 



tracking), and 

the algorithms used for the estimation of the motion parameters (linear \versus 

non-linear, optimization technique). 

However, typical approaches tend to rely on high data capture rate relative to 

the vehicle dynamics, as this aids the tracking of features (2D or 3D) through the 

image sequence. This temporal correspondence problem is fundamental to image 

sequence analysis, whether processing monocular or stereo image sequences. Other 

approaches may assume translation or rotation only, static indoor scenes, or may 

only be interested in qualitative (inexact) motion estimates. 

Mobile rriapping systems violate many of these assumptions. The mapping plat- 

Form typically exhibits high dynamics relative to the image data capture rate. For 

example, the image capture rate in VISAT is approxinlately 2 Hertz, and the vetii- 

cle tWypicdly advances 6 -- 10 meters between exposures. Furthermore, the motion is 

general? and cannot realistically be constrained (for example, to translation-only or 

planar motion). Finally, most often, quantitative estimates of position and orienta- 

t ion accuracy are desirable. 

This research, therefore, focuses on developing a strategy for quantitative motior~ 

estimation under the conditions typically encountered in mobile mapping systems: 

low image capture rate relative to vehicle dynamics, and 

complex outdoor scenes, comprising both static and dynamic objects. 



Chapter 3 

Coordinate systems, imaging model and other 

preliminaries 

This chapter defines the coordinate systems and mathematical models used in this 

research. 

3.1 Coordinate Systems 

3.1.1 Image coordinate system 

The image (or photo) coordinate system is a 3-dimensional, right-handed Cartesian 

coordinate system. The third dimension (z-axis) ill this system is somewhat of a 

rr~isnomer all points in image space are constrained to lie in the positive or negative 

projection (image) plane. However, this pseudo 3-dimensional system generalizes the 

photogamnletric treatment, and is the convention in photogrammetry. 

The origin of the system is at the camera perspective centre. and the z-axis is 

perpendicular to the image plane, directed towards the negative plane of projection. 

The z- and y-axes are parallel to the plane of projection, and directed so as to 

conlplete a right-handed coordinate system. Both negative and positive projection 

planes are easily accommodated merely by a sign change of the 2 image coordinate 

(i.e., the focal length). This coordinate system is depicted in Figure 3.1 (a). 



3.1.2 Pixel coordinate system 

The pixel coordinate system is a 2-dimensional, left-handed Cartesian coordinate 

system. The system is implicitly defined by the photogrammetric observables (image 

measurements), and no fiducial marks are, in general, present or required to explicitly 

define the coordinate system (see Curry et al., 1986, for example). The origin of the 

system is defined by the upper left corner of the CCD array, with the u-axis parallel 

to the x-auis of the image coordinate system, and the v-axis (nearly) parallel to the 

y-axis of the image coordinate system, but opposite in sense, thus completing a left- 

handed system. This system, which is sometimes termed the computer coordinate 

system (see Lenz and Tsai, 1988, for example), is depicted in Figure 3.1 (b) .  

(out of page) 

(a) Image coordinate system (b) Pixel coordinate system 

Figure 3.1: Image and pixel coordinate systems 



3.1.3 Object space (world) coordinate system 

The object space (world) coordinate system is generally defined to be a %dimensional? 

right-handed Cartesian coordinate system (X, Y, 2). Although any coordinate sys- 

tem may be used to define the positions of ground points in object space, the math- 

ematical relationship between image and object space is usually simplest (and most 

rigorous) when using a true Cartesian system, either geocentric or local. However, 

since results of the photogrammetric process for mapping applications are usually 

required with X and I' coordinates referenced to some map projection, and Z coordi- 

nates referenced to a vertical datum such as mean sea level (MSL), this configuration 

is often adopted in practice as the object space (world) coordinate system. For areas 

of small extent, and typical required mapping accuracies, it may provide a reason- 

able approximation to a true Cartesian system. However, its use is generally not 

recommended (see Slama, 1980). 

These three systems, and the inter-relationships between them, are depicted in 

Figure 3.2 for the terrestrial imaging case, assuming a positive imaging system. The 

rotation angles are discussed in Section 3.3. 

3.2 Geometric model of the imaging process 

3.2.1 Basic model: The projective (collinearity ) equations 

The imaging process in photogammetry is usually represented by a perspective 

transformation from one rectangular coordinate system (object or world space) to 

another (image space), via the pinhole camera model. The lens of the pinhole camera 

is geometrically represented by a single point, the perspective centre. The image 



Figure 3.2: Image (positive), pixel and object (world) coordinate systems 

is formed as the result of a central projection, with the lens being the centre of 

projection. 

A negative image is formed behind the projection centre at a distance c, the 

principal distance. A positive image, which exhibits the same geometric properties 

(but without the negative inversion) may be constructed by placing the plane of 

projection in front of the projection centre, at a distance -c. 

The imaging model, therefore, constrains the object point, its corresponding im- 

age point, and the projection centre to be collinear. This is the basis of the well- 

known collznean'ty equations (Schmid, 1953, 1955; Brown, 1955, 1958) which have 

been used extensively in photogrammetry for many decades. The formal develop 

ment is well-documented (see Slama, 1980, for example), and the equations in their 



basic form are provided here without proof (for a positive imaging system) : 

x - X,) +r12(Y - YO) + ~ i 3 ( Z - -  Z*) 
~ 3 1  (X - XO) + ~ 3 2 ( Y  - YO) i r 3 3 ( z  - 5) 1 

where, +, y are the observed image coordinates; x,, y, are the calibrated principal 

point coordinates; c is the calibrated principal distance; X! Y, Z are the coordinates 

of the object point expressed in the object space coordinate system; &, kb, Zo are 

the coordinates of the perspective centre expressed in the object space coordinate 

system; and rll . . . r33 are the elements of the 3x3 orttlogonal rotation matrix. R1 

representing the arlgular relationship between the object space and image space 

coordinate systems. 

3.2.2 Modelling distortions 

The pinhole camera model upon which this formulation is based is a mathematical 

abstraction, and in reality, the imaging process does not conform to this idealised 

model. Departures from collinearity, due to sources such as lens distortion and focal 

plane distortions, typically manifest themselves as systematic displacements of image 

points in the image plane. These effects are usually accounted for, at least partially, 

by augmenting the imagmg model with additional parameters (AP). 

Although many AP sets have been investigated in photogrammetric research over 

the past several decades, the eight-parameter physical model reported by Kenefick 

et al. (1972) has been widely used in analytical photogammetry. The addition of 

one or two auxiliary terms yields a nine or ten-parameter model, which seems to 



be equally effective for the calibration of digital cameras (see Raser, 1997, for a 

discussion). 

An exhaustive treatise on the sources of these systematic errors, and the associ- 

ated mathematical models used to augment the imaging model, is beyond the scope 

of this discussion. The models are well-documented in the literature (see Slama, 

1980). and are provided here withotit development, with the exception of the ad- 

ditional terms used for digtal cameras. In these cases, no single parameter set is 

universally accepted, and the approach taken in VISAT is briefly outlined. 

3.2.2.1 Scale and Shear 

The use of digital imagery for geometric information extraction requires a thorough 

analysis of the distortions introduced by the solid-state sensor! camera electronics. 

signal transmission, and the digitization (framegrabbing) . Additional parameter 

(AP) sets may then be formulated which account for any systematic effects resulting 

from these processes (Beyer, 1989). 

The current VISAT imaging component comprises a set of COHU 4980 series 

carneras, and Matrox IMAGECLD digitizing boards. During image acquisitiorl. 

spatially discrete signals received by each element in the sensor m a y  are converted 

to an analog waveform, which is transmitted by the camera. This waveform is 

then sampled by the image acquisition hardware (framegabber) into a number of 

spatially discrete samples, and placed into a row of the frame buffer (analog-t~digital 

conversion) (Lena and Tsai, 1988). 

Ttre ratio between the number of sensor elements in a row of the sensor array 

versus the number of pixels in the image frame buffer leads to a horizontal scale 



factor. However, there is a degree of uncertainty in this scale factor, since there may 

be differences between the frequency of the pixel clock and the sampling frequency 

of the framegrabber (Lenz and Tsai, 1988). 

Furthermore, the spacing on the sensor elements (pixel spacing) is frequently 

different in the z and y directions. Notwithstanding the horizontal scale effects men- 

tioned above. the pixel coordinates in each component may theoretically be converted 

to uniform-scale image coordinates through multiplication by the relevant x and y 

pixel spacing (specified by the camera manufacturer). However, any uncertainty in 

the specified pixel spacings results in non-uniform scale between the I and y axes. 

This effect is also accounted for by the inclusion of a scale factor. 

.A shear, or non-orthogonality of the image axes, may also be modelled. System- 

atic effects From line-jitter were originally seen as the likely source of these errors 

(Beyer. 1992b). However, the shear parameter may also model slight imprecision in 

the placement of the sensor elements in the rectangular array. 

h thorough investigation of the geometric calibration of CCD cameras for ph+ 

tograrrimetric processing has been conducted by Beyer (1992~); these and other issues 

are described in detail. 

The horizontal scale and shear may, therefore, be modelled by the following 

(Beyer, 1992a,b,c; Raser et a]., 1995): 

where, u, v are the observed image coordinates in the pixel coordinate system; a 1 is 

the horizontal scale factor; and a* is the non-orthogonality (or shear). 

One approach adopted at the Department of Geomatics Engineering, The Uni- 



versity of Calgary (see Cosandier and Chapman, 1992, for example), is to model the 

scale effect by the inclusion of a scale factor in the y direction. This is purely a mat- 

ter of computational convenience - the scale factor may be negated to account for 

the refiec t ion required when converting from the left-handed pixel coordinate system 

to the right-handed image coordinate system. The shear effect is not modeled in the 

VISAT system; the parameter value is tvpicdlv very small, and its recoverability 

requires strong network geometry. 

3.2.3 Pixel-to-image coordinate conversion 

Although the collinearity equations defined in Equations 3.1 and 3.2 may be extended 

to allow the direct use of pixel coordinates in the collinearity equations (see Section 

3.2.4 below), rnany other photogrammetric models require coordinates referenced to 

the image (photo) coordinate system (i.e., uniform scale, with an origin at the carnera 

perspective centre). Examples include the epipolar geometry computations. least 

squares point intersection: and so on. While it is possible, in principle, to incorporate 

the conversion directly into the model, the approach taken is typically to convert 

measured coordinate values from the pixel coordinate system to the image coordinate 

system, prior to most photogrammetric computations. This is accomplished by (see 

El-Sheirny , 1996a, for example) : 

where, u, u are the observed image coordinates in the pixel coordinate system; x,, y, 

are the calibrated principal point coordinates; k, is the y-axis scale factor (negative, 



in this case, to account for the left-handed to right-handed coordinate system reflec- 

tion); and Z,g are the reduced (corrected) image coordinates in the image coordinate 

system. 

3.2.3.1 Lens distortion 

Lens distortion is typically separated into two major distortion types: radial sym- 

metric distort ion and decentring distortion. The decentring distortion is further 

decomposed in to tangential and asymmetric components. 

The standard model used is photogrammetry for lens distortion is (see Slama, 

1980, or other standard photogrammetry texts for details): 

where, 62! 69 are the correction terms to the image coordinates; K l  . . . & are the 

coefficients of radial lens distortion; PI and Pz are the coefficients of decentring lens 

distortion; and r is the radial distance of the image point from the principal point: 

and. i. ,g are the image coordinates, reduced for both principal point offsets and 

differential scale, as defined in Equations 3.4 and 3.5 above. 

The earlier VISAT mathematical model did not, however, apply the differential 

scale correction when computing 3, ij for the application of the lens distortion cor- 

rections (see Xin, 1996). Instead, the following model was used (values are 'primed' 

to distinguish them from those previously defined): 



ij' = v - y, (3.10) 

Provided that this model is used consistently (i.e., during camera calibration and 

subsequent positioning), this has little effect, although the values of the distortion 

parameters (particularly P I )  are somewhat inflated to absorb the effects of the dif- 

ferential scale. Care must be taken not to mix parameters solved with the different 

r clodels. 

3.2.4 Augmented model: Extended projective (collinearity ) equations 

These extensions to the imaging model to allow the direct use of coordinate mea- 

surements taken in digital imagery result in: 

with all quantities as previously defined. 

3.3 Rotation sequence 

A final item requiring clarification is the order of the orientation angles used in the 

VISAT model. The angles (u, $, n) of each exposure station describe the relationships 



between the axes of the image and object coordinate systems (and, thus, the attitude 

of the camera). 

In the case of VISAT, these angles are defined in terms of the following sequence 

of rotations: n is the (first) rotation about the z-axis, 4 is the (second) rotation about 

the once-rotated y-axis (y'), and w is the (third) rotation about the twice-rotated 

x-axis (xN), in this order. The rotation matrix. R. formed as the product of the 

individual rotation matrices for each axis, represents the object-teimage coordinate 

system conversion. In the case of VISAT, the sequence of rotations is the reverse of 

the standard photogammetric convention: 

where, 

cos (@)cos(n) 

cos (@)sin (n) 

-sin($) 

-cos(w )sin(n) + sin(w)sin(q5)cos(n) 

cos (w)cos(n) + sin (w)sin (#)sin (n) 

sin(w)cos(q5) 

sin(# )sin(n) + cos (w)sin ($)cos(n) 

-sin (w)cos(n) + cos (w)sin (t$)sin(n) 

cos (w )cos (9) 



The ordering of the rotation angles is so defined for compatibility with the INS- 

derived attitude data. In particular, the INS angles are commonly defined with 

respect to a system of fixed axes, while photogrammetry typically uses angles defined 

in a gimble system. Further details may be found in El-Sheimy (1996a). 



Chapter 4 

Feasibility study 

4.1 Purpose of the study 

In order to verify the feasibility of the approach, from a mathematical and algorith- 

mic point of view, a study was conducted prior to implementation of the proposed 

strategy. -4 series of tests was devised to assess the suitability for, and performance 

of. the proposed estimation models using the approximate geometric imaging con- 

figuration of the VISAT system. The determination of the camera position and 

orient ation along a trajectory, and the characteristics of the propagated covariance 

information, were of particular interest. 

The tests were conducted using simulated photogamnre tric data. This allows 

rnaximum flexibility on the choice of various system parameters, such as the number 

ar~d configuration of the exposure stations (i.e., VISAT cameras), the number and 

distribution of the observed object points, the number of control points (if any),  

solution constraints (if any) , and so forth. 

A fundamental assumption of the nature of the simulations is that distinct poirit 

features have been successfully extracted from the imagery, and both stereo and tern- 

poral corresponderrce between all conjugate features has been established. Automatic 

correspondence analysis is. in general, a non-trivial problem, and is addressed in 

considerable detail in Chapter 6. 



4.2 Related studies 

It is noted, at the outset, that the imaging geometry of the system is inherently 

weak, primarily due to the relatively small camera separation and the narrow camera 

convergence angle. These parameters have been maximized in system design, within 

the physical constraints of the sensor platform (van). 

Several authors have addressed the issue of imaging geometry. and its effect on 

the accuracy of 3D coordinate determination. For example, Kenefick (1971), Brown 

(1980), Granshaw (1980), and Fraser (1984) all clearly illustrate through empirical 

studies that coordinate determination accuracy which is homogeneous in all three 

components is only approached when convergence angles of 60 to 100 degrees are 

employed. For near-normal imaging geometry, the accuracy of the depth determina- 

tion is typically several factors worse than the remaining components: as illustrated 

in Figure 4.1 for the case of the VISAT configuration. 

7.0E-4 rad (= % pixcl) 

E ,  (along-track) 
2.02 m 

Figure 4.1: VISAT imaging geometry 
(after Szarmes? 1994) 

This issue has been recognized a number of times with regard to the VISAT sys- 



tern. Saarmes (1994) conducts an analysis of the positioning accuracy of VISAT for 

single point positioning, based on the bundle formulation. However, base and relative 

orientation constraints were not explicitly included in that study, and an alternative, 

less-rigorous error propagation strategy was used. This model was subsequently used 

by Xin (1995), who also remarks (Xin, 1995, page 27) on the poor positioning accu- 

racy in the along-track direction. El-Sheimv et al. (1995) and Schwan and El-Sheimy 

(1996) conduct an analysis of the error budget of the VISAT positioning accuracy! 

which is subsequently treated in more detail by El-Sheimy (1996a). The along-track 

error due to the imaging geometry and errors in the determination of the base dis- 

tance are recognized as major sources of error. Multi-image techniques are suggested 

a s  a means of reducing this error: for example, forward and backward runs of the 

same area, and using multiple consecutive stereo pairs. Zou (1996) implemented an 

approach to optimizing positioning accuracy, using the two optimal rays from the 

six images in three adjacent stereo pairs. Finally, Tao (1997) conducts an analysis 

of the imaging geometry, using the parallax equations! and suggests an approach 

to optimizing system design parameters. An automated approach to multi-image 

matching is then outlined, which uses all six rays in three adjacent stereo pairs. 

These previous studies on VISAT positioning accuracy have concentrated on 

single point (feature) positioning. Limiting the distance of positioned features to less 

than approximately 35 metres from the van has been the primary method of dealing 

with the effects of the unfavourable geometry. 

This feasibility study concerns itself with the determination of sensor position 

and orientation, and the propagation of error along an extended sequence of stereo 

pairs. It essentially addresses the inverse problem, that is, the sensor position along 



the trajectory is no longer known, while the sensor orientation may be unknown 

or degraded: hence, the exterior orientation parameters must be estimated and/or 

refined. However, based on the studies already mentioned, it was anticipated at 

the outset that error in the along-track component would accumulate most rapidly, 

and that the effectiveness of the image-based bridging strategy would depend on the 

ability to control the propagat ion of error in the along- track direction. 

4.3 Simulated mapping corridor 

.A simulated mapping comdor was constructed: and populated with a number of 

object points, the number and distribution of which was established through care  

ful examination of actual VISAT imagery captured during system testing. These 

points, therefore, approximate, as closely as  possible, the actual distribution of po- 

tential object points encountered in a typical urban scene captured by VISAT. -A 

set of exposure stations was generated, simulating VISAT navigating through the 

mapping corridor. The coordinate system was defined such that the k'-axis is along- 

track, the S-axis is across-track, and the Z-axis completes a right-handed Cartesian 

coordinate system, i.e., the van navigates along the Y-axis. At each exposure sta- 

t ion, image n~easurements were derived by back-projecting each object point through 

the perspective projection mathematical model (the collinearity equations). Points 

falling within the format of each image are said to be 'imaged' by the camera at that 

particular exposure station. This is a standard technique for generating 'fictitious' 

photogammetric data. 

A line-of-sight constraint was introduced, to prevent the use of object points 



greater than a threshold distance from each camera. Although these points still 

mathematically satisfy the imaging process (i.e., the collinearity equations), it is 

unlikely in practice that distant points would be imaged, due to occlusions, and the 

radiometric and geometric resolution of the sensor, for example. The exposure st ation 

parameters were based upon the actual interior and relative orientatiori parameters 

of the camera cluster of the VIS.4T system, and standard deviations of the initial 

and end points of the trajectory were empirically derived from typical VISAT data 

sets (El-Sheimy? 1996b). At least four sets of exposure stations were included at 

the known ends of the trajectory. Intermediate exposure stations were treated as 

unknown, thus simulating an outage in the vehicle trajectory. 

The simulated corridor was 430 metres long, and contained approximately 500 

object points. The spacing of the exposure stations corresponds to a van navigating 

at a velocity of approximately 55 kilometres per hour through the corridor. The 

length of the corridor, therefore, represents a GPS/INS outage of 30 seconds. 

4.4 Triangulation 

.A series of simultaneous least squares adjustments (using the bundle formulation) 

was executed using the simulated data as input. Existing adjustment software, de- 

veloped at The University of Calgary (see Lichti, 1996), was used, which allows for 

the inclusion of a number of weighted solution constraints. Examples of these in- 

clude camera base distance constraints, relative orient at ion constraints, object space 

spatial distance constraints, and so on. The inclusion of constraints in the solution, 

particularly relative orientation and base constraints, was subsequent Iy found to be 



of primary importance in controlling the error propagation along the corridor. 

Although the strategy proposed in this research uses a sequential formulation of 

the standard least squares bundle adjustment, no software using such a formulation 

was available at the time of the feasibility study I .  Therefore, a simultaneous least 

squares solution was used, as implemented by Lichti (1996). However, it is well- 

known that for linear functional models. the results of sequential and simultaneo~~s 

rnode least squares adjustments are identical, provided that the observations are 

uncorrelated across epochs. In the case of non-linear models (such as the collinearity 

equations used in the bundle formulation), slight differences in the simultaneous and 

sequential solutions are unavoidable due to different points of expansion: however. 

the differences are usually so sniall as to be of little practical significance (see Mikhail, 

1976, for a discussion). 

4.5 Scenarios 

.A rluniber of adjustment scenarios were tested, in order to assess the effects of varying 

parameters on the overall accuracy of the results. In particular, the effectiveness of 

the followi~lg were tested: 

a known versus unknown trajectory at  the end of the corridor, 

relative orient ation angle and base constraints between exposure st ations at 

each epoch, 

object space distance constraints, 

'It  has subsequently been developed as part of the current research. 



the inclusion of known 'INS-derived' exterior orientation angles, and 

a 2-camera configuration versus 4carnera configuration at each epoch. 

The Ccamera configuration was tested as a means of achieving a more favorable 

imaging geometry. The additional cameras are positioned at an angle somewhat 

oblique to the normal. and, therefore, points imaged by the primary (forward-facing) 

cameras at a particular exposure station at some time, ti, are subsequently imaged 

by the side-looking cameras at some later time, t i  +dt !  leading to an effective baseline 

of approxinlately 6 10 metres (versus 2 metres). The correspondingly larger angle 

of intersection of the rays is illustrated in Figure 4.2. Although this optiniiaes the 

use of available information, it also makes the automatic determination of temporal 

correspondence between conjugate points more complex. The configuration (look- 

direction) of the remaining VIS.4T cameras is such that little benefit would be gained 

from their inclusion. 

Figure 4.3 shows the image points for a typical stereo image pair. 'captured' at 

sorrle epoch in the simulated mapping corridor. The figure highlights the rather poor 

distribution of the so-called tie points, which is a direct result of the mobile mapping 

imaging conditions. Large portions of the upper and lower regions of each image 

consist of road and sky, with few distinct features. 

4.6 Results 

Selected results of the study are presented in this section, which, in the author's 

opinion, highlight the most important points of the study. The tabulated results 

represent the maximum standard deviations of the derived positional and rotatiorla1 
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Figure 4.2: VISAT &camera imaging geometry 

components along the bridged trajectory segment. The study, therefore, has illus- 

trated the general pattern of error propagation along the vehicle trajectory, as a 

result of the overall imaging geometry, i.e., number and configuration of carneras, 

number and distribution of tie points, solution constraints, and so forth. In all cases. 

the maximum standard deviation occurs in the along-track positional component 

(Y,  as defined in this case), and the yaw rotational component ( K ,  as defined in 

this case). A complete set of graphs depicting the results of the feasibility study are 

presented in .4ppendix A. 

The typical pattern of propagation is as follows. In the open-ended case, in 
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Figure 4.3: Image points in a simulated stereo pair 

which a final segment at the end of the known trajectory is reconstructed, error 

accumulates (unbounded) approxinlately linearly as distance from the start of the 

bridging strategy increases, reaching a maximum at the end of the bridged segment. 

In the case of the bridging of an intermediate trajectory segment, bracketed on either 

end by known trajectory, rnaximum error occurs at the approximate centre of the 

bridged segment. Examples of these cases, including the 4camera case, are depicted 

in Figure 4.4. 

Immediately evident from examination of the results is the fact that the propa- 

gated error in the along-track component of the vehicle position is typically between 

2 and 4 times worse than the remaining components. Also, the propagated error 
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Figure 4.4: Propagated Y-component standard deviations 

in the yaw (n) coniponent of the exterior orientation angle is correspondingly worse 

than the remaining angular components. As speculated earlier, this is likely the 

result of the short base length (and the correspondingly poor 'base-to-height ' ratio) ? 

and narrow convergence angle between the cameras. As discussed in Section 4.2. this 

is in agreement with related studies. 

Columns 1 through 4 in Table 4.1 clearly demonstrate the enormous benefit of 

the inclusion of relative orientation constraints. This effect is more pronounced in 

the case of open-ended bridging (columns 1 and 2). Almost an order of magnitude 

improvement in the along-track component is obtained, from 2.923 metres without 

the constraints, to 0.354 metres including the constraints. Since these parameters 

are well-determined through rigorous system calibration, it is only fitting that they 



Table 4. I: Feasibility study results (Zcamera configuration) 

Constrained 
RO Constraint 
Dist Constraint 
Known EO Angles 
Max o, (m) 
Max a, (m) 
Max o, (m) 
Max o, (deg) 

1 Max a* (deg) 
! Max a, (deg) 

be included in the solution, and, as such. they were included in all subsequent tests. 

Colun~ns 3 and 4 in Table 4.1 illustrate the advantage of ensuring a known tra- 

0.301 
2.923 
0.321 
0.092 
0.089 
0.136 

jectory a t  each end of the outage. This serves to constrain the solution at both ends. 

with the result that maximum error occurs at the approximate centre of the bridged 

• 

0.298 
0.354 
0.301 
0.089 
0.088 
0.133 

segment. Even without RO constraints, the error is less than in the open-ended cases. 

Maixirnum error in the case where RO constraints are included is reduced to 0.144 

a 

0.049 
1 0.333 

0.050 
0.280 

metres and 0.065 degrees. in the positional and rotational components, respectively. 

It is anticipated that this scenario is more likely to be encountered in practice than 

0.029 0.029 0.029 0.028 
0.065 ' I 0.065 / 0.065 1 0.036 

0.048 
0.144 
0.047 
0.027 

the open-ended case. 

The effect of object space distance constraints on the solution is presented in 

a 

column 5 of Table 4.1. Spatial distances approximately 100 metres in length were in- 

a 

cluded. Cases may arise where relative distances may easily be obtained post-mission, 

such as through the use of aerial photography, or previously captured VISAT im- 

0.048 
0.124 
0.046 
0.027 

agery. Alternatively, distance observations may be obtained in the field to  relatively 

• 

0.031 
0.138 
0.031 

, 0.027 i 

good accuracy using simple surveying equipment, such as steel tape. Although the 



latter approach requires that the site be re-visited, the expense of resurveying the 

area using VISAT could be avoided. A further improvement in the results is evident, 

with the positional component decreasing to 0.124 metres. No effect on the angular 

components is evident (the additional observables are not functionally related to the 

attitude parameters). 

Finally, Column 6 in Table 4.1 depicts the effect of known exterior orientation 

angles. This scenario is quite conceivable, in the case where GPS signal loss occurs. 

and INS data are still available. While there is little improvement in the along-track 

positional component (0.1 38 metres), the effect in the angular components is more 

pronounced, as expected, reducing the maximum to 0.036 degrees. 

Similarly. Table 4.2 presents results from a set of simulations which includes four 

camera stations a t  each exposure interval. .As previously mentioned, this approach 

results in greater redundancy, accuracy and reliability. It also represents a more 

optinlai use of available information. -4 further decrease in the propagated error 

is evident from the tabulated results. In particular, along-track positional error 

is minimized (to 0.089 metres) by the inclusion of four cameras, along with spatial 

distance constraints, while angular error is minimized (to 0.034 degrees) by the use of 

four cameras, with known exterior orientation angles. However, anticipated problems 

associated with feature matching may reduce the utility of the configuration. 

4.7 Conclusions of the feasibility study 

This feasibility study has concerned itself with the characteristics of error propaga- 

tion in the image-based, automatic determination of a mobile-mapping vehicle tra- 



Const rained 
RO Constraint 
Dist Constraint 
Known EO Angles 
Max o, (m ) 

Table 4.2: Feasibility study results (4camera configuration) 

• 

Max o, (m) 
Max oz (m)  
Max ou (deg) 
Max o4 (deg) 
Max o, (deg) 

jectory. It was deemed necessary since previous studies relating to VISrZT imaging 

0.246 

accuracy had concentrated on the accuracy of single point positioning. Notwith- 

0.270 1 0.109 
0.246 1 0.036 

standing the benefits of multi-sensor integration, the requirement for an alternative 

I 

0.039 

bridging strategy may arise in cases where the exterior orientatiori parameters are 

• 

0.089 
0.036 

degraded such that system accuracy requirements are no longer met. 

0.039 
0.101 
0.022 

The following conclusions may be drawn from the results of the tests conducted: 

a 

0.022 

0.026 
0.029 
0.034 

0.099 / 0.044 ( 0.044 

the demonstrated strategy has been shown to be feasible, in terms of the prop- 

agated standard errors of the determined positional and angular components; 

0.046 
0.072 

0.074 
0.113 

the effectiveness of the bridging strategy depends primarily on the ability to 

0.046 
0.072 

control the propagation of the along-track positioning error: 

a rnaximum propagated standard deviations increase as the length of the bridged 

trajectory segment increases; therefore, not surprisingly, shorter segments are 

likely to be reconstructed more accurately. 

relative orientation constraints contribute significantly in this regard, and, since 



they are rigorously determined through system calibration, should be included 

whenever possible: 

a additional constraints, such as spatial distance constraints and control points, 

also make an important contribution; however, these data may require site 

re-visits, and thus? are viewed as a last resort; 

although not explicitly tested, control points are likely to have an extremely 

positive effect, and many municipalities have existing digital map databases: 

the use of multiple cameras potentially represents a more optimal approach. 

particularly since this improves the imagng geometry, and maximizes the use 

of available information. 



Chapter 5 

Overview of the strategy 

This chapter provides an oveniew of the strategy, as implemented, mostly at a 

conceptual level. The emphasis is, therefore. on high-level descriptions of the major 

steps involved in the process, including specific inputs and outputs of each step. 

It  is hoped that the overview will acquaint the reader with the overall approach. 

and map the course of the detailed discussion which follows in Chapter 6. 

5.1 Approach to motion estimation 

A featurebased approach to the motion estimation problem is adopted, based on 

four primary phases: 

Phase 1: extraction of candidate features from each image in a stereo pair indepen- 

den tly : 

Phase 2: establishment of stereo (spatial) correspondence of candidate features 

within the stereo pair; 

Phase 3: establishment of temporal (motion) correspondence of candidate features 

between adjacent stereo pairs; and 

Phase 4: determination of the orientation parameters of the subsequent stereo pairs 

relative to the first from the corresponding (conjugate) features. 



The so-called correspondence problem has long been recognized as a fundamen- 

tal problem in multi-view image analysis (see, for example, Duda and Hart, 1973). 

In stereo image sequence analysis, both stereo (spatial) and temporal (motion) cor- 

resporidence problems must be overcome in order to estimate motion parameters. 

Therefore, Phases 2 and 3 are critical steps in motion estimation. 

A flowchart of the overall strategy is presented in Figure 3.1. Numerical ann* 

tations have been provided in the flowchart to indicate the sequence of steps. For 

clarity, the flowchart represents a simplification of the process. Each primary step 

is briefly described in the remainder of this chapter, with cross-references to the 

flowchart. where possible. A more detailed discussion follows in Chapter 6. 

The starting point of the strategy (step 0) is assumed to be a known epoch: 

that is. one which has been successfully georeferenced using the combined GPSJINS 

approach, as detailed by El-Sheimy (1996a). 

5.1.1 Featureextraction 

Discrinlinatory point features are extracted from each image independently (step L ) 

using the Forstner interest operator (Forstner, 1986; Forstner and Giilch, 1987). This 

operator extracts point features which promise optimal matching accuracy in the 

subsequent matching phases. Each interest point is classified as a corner, circularly- 

symmetric feature, or isotropic texture, using a model-based strategy, according to 

the image intensity function in the region surrounding each extracted point. The 

optimal point is then estimated to  sub-pixel accuracy within each extracted window. 

Each set of points is sorted into descending order, based on the computed 'interest' 

value. This ensures a 'best-first ' approach to the stereo matching, in which matching 
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Figure 5.1: Flowchart of the motion estimation process 



is attempted using the most discriminatory (or 'interesting') points first. The sorted 

sets of feature points form the input into the stereo matching modules. The feature 

extraction step, therefore, serves primarily to reduce the number of points, and hence 

the processing requirements, of subsequent steps in the strategy. 

5.1.2 Spatial correspondence analysis 

In this context, spatial correspondence analysis is the pairing of image features. 

extracted from each of two (or more) images captured at some epoch (time t ) :  which 

represent the same feature in three-dimensional space. 

In this research, the stereo correspondence analysis (step 2) is area-based, driven 

by the extracted interest points. The strategy proceeds in two stages, initial corre- 

sponderice and precise registration. 

During the initial correspondence, feature correspondences are hypothesized us- 

ing a weighted correlation- based similarity measure, with the search constrained by 

the epipolar constraint. Although the ederior orientation of each image may be 

unknowrl. the relative orientation between images in a stereo pair is known from 

system calibration, and may be exploited at every epoch, known or unknown. The 

weighted correlation measure reduces the influence of perspective distortion preva- 

lent in terrestrial imagery, by favouring the central portion of the image window 

(region-of-interest), a t  the expense of the outer portion. The list of candidate fea- 

tures is further pruned using a disparity range constraint: the role of the images is 

then reversed, and candidate matches which satisfy the so-called left- b r igh t  consis- 

tency constraint (Deriche et al., 1994) are retained as correct matches. The images, 

therefore, play a symmetrical role in the matching process. Final precise registra- 



tion of conjugate points is achieved by least squares matching (see Griin, 1985a, for 

example). 

5.1.3 Temporal correspondence analysis 

5.1.3.1 Establishing correspondence 

Similarly. temporal correspondence is the pairing of image features, from each of 

two (or more) images captured at different epochs (times t and t + i ,  i 2 I ) ,  which 

represent the same feature in three-dimensional space. Establishing temporal cor- 

respondence is complicated by the effects of occlusion, which cause the apparent 

appearance and/or disappearance of features between successive frames. Note that 

occlusion exists in the case of stereo correspondence also; however, in the current 

context. images captured at different times are typically subject to much greater 

cflanges in viewing position. Occlusion is, therefore, more prevalent in the temporal 

correspondence analysis. 

-4ccurate sensor calibration allows the computation of 3D coordinates for all 

(hypothesized) conjugate features: based upon the best current estimate of the sensor 

location at  time t (step 3). In the early stages of the bridging process, these locations 

are known from GPS/INS processing. In the subsequent stages, the parameters are 

est iniated from previous iterations of the process being described. 

An initial estimate of sensor position and orientation at the following epoch, (time 

t + I), is derived using a model of the vehicle motion (step 4). Simple extrapolation 

of the vehicle position and orientation is used in this work, assuming constant ac- 

celerat ion and angular velocity. More sophisticat ed approaches are possible (using 

Kalman filtering, for example), but have not been investigated in this research. 



The 3D coordinates of the features extracted from epoch t are back-projected 

into each image of epoch t + 1 (step 3, based upon the computed 3D feature coor- 

dinates, and the predicted sensor position and orientation of epoch t + 1. Left and 

right images are treated independently. A search is conducted for each conjugate 

feature between epochs t and t + 1, beginning at  the image location derived through 

back-projection, and radiating outward in a spiral search pattern. This inlplicitly 

incorporates the epipolar constraint between the images of adjacent epochs. The 

tveighted-correlation coefficient is again used as a similarity measure? followed by 

least squares matching for precise registration of all matches which pass a predefined 

correlation coefficient threshold (step 6). These features form the final candidates 

for temporal correspondence. 

5.1.3.2 Ensuring global consistency 

Correlation provides homologous features which satisfy focaf similarity and consis- 

tency: that is, in the region immediately surrounding the feature in each image. the 

image intensity functions exhibit some measure of similarity, as quantified by the 

correlation coefficient. Global consistency requires that the hypo t hesiaed matches 

be consistent with other matches in a 'global' context ' . 
In this research, temporai consistency analysis is based on the premise that known 

correspondence between features in one stereo pair (epoch t) may be extended to 

those features in the following stereo pair (epoch t + I) ,  assuming that the features 

are reliably tracked. The features tracked in each of the left and right images are, 

therefore, subjected to the same spatial correspondence analysis (step 7) previously 

'There is generally no formal definition of 'global', and the extent, as well as quantifiable mea- 
mres of global consistency, are often somewhat heuristic, and dictated by the application. 



described. Any features failing the analysis are assumed to have been tracked in- 

correctly, and are eliminated. Global temporal consistency is then verified through 

so-called 'spat ietemporal loops' (step 8) (Sung and Myint , 1992): if corresponding 

features in one stereo pair (epoch t) are each tracked independently, and then es- 

tablished as corresponding features in the following stereo pair (epoch t + I), a loop 

is established which can be completely traversed. eventually closing back onto the 

starting point of the loop. Loops which do not close back onto the starting point are 

assumed to be inconsistent? and features from both epochs are eliminated. 

The recovery of temporal image correspondence between epochs t and t + 1 is, 

therefore, aided by static stereopsis; this is highlighted by the 2D-3D reconstruction? 

followed by 3D- 2D back-projection, and subsequent search for conjugate points. 

5.1.4 Motion parameter update 

The large number of conjugate features within successive stereo pairs leads to an over- 

determined system of equations. and allows the use of the familiar photogramnletric 

computational tools. in the form of least squares adjustment techniques based upon 

the extended collinearity equations for the estimation of the unknown parameters 

(see Section 3.2.4). A sequential least squares adjustment formulation, based on 

Givens Transformations (see Gentleman, 1973, for example) has been adopted, to 

circumvent redundant (and expensive!) computations involved in performing a batch 

solution at  every epoch. Givens llansformations is a matrix reduction technique 

that has found many advocates in on-line photogrammetric triangulation, due to its 

efficiency, stability, ease of implementation, and good compatibility with C holesky 

decomposition, a commonly used technique for reduction of the normal equations in 



batch least-squares solutions. 

-2s a result of this step, the unknown exterior orientation parameters of each 

image at epoch t t 1 are computed, relative to the coordinate system defined by the 

known parameters a t  epoch t. Currently, there is no absolute control information 

incorporated into the adjustment process, although this is easily accommodated. 

Each set of parameters of each epoch is estimated relative to the coordinate system 

of previous epochs: hence the need to start the bridging process from a known epoch, 

or assumed position and/or orientation. 

5.1.5 Iterating the process 

The steps described above constitute one complete iteration of the estimation pr* 

cess. The whole process then proceeds iteratively along successive images in the 

image sequence as follows: epoch t + 1 becomes the 'current' epoch. the exterior ori- 

entation parameters of which are now known (albeit relative to epoch t) ,  and epoch 

t + 2 becomes the 'following' epoch (to be estimated). A second, almost identical 

iteration proceeds. 

However, an additional step is required after features have been extracted in each 

subsequent iteration: the extracted features are first checked against those features 

tracked from the previous epoch, and any duplicates are suppressed before attempt- 

ing stereo image matching. Duplicate features lead to ambiguity. and may ultimately 

distort the solution. Apart from this necessary duplicate-feature elimination (feature 

filtering) step, each subsequent iteration is identical to the first. 



Chapter 6 

Details of the strategy 

.-Z more detailed account of the motion estimation strategy is presented in this chap- 

ter. As mentioned in Chapter 5. the flowchart depicted in Figure 5.1 serves as a 

high-level overview of the process, and is useful in directing the course of the discus- 

sion. However, the material is presented here in considerably more detail. 

Recall. first, the four major phases in the strategy: ( I )  extraction of candidate 

features from each image in a stereo pair independently: (2) establishment of stereo 

(spatial) correspondence of candidate features within the stereo pair; (3) establish- 

ment of temporal (motion) correspondence of candidate features between adjacent 

stereo pairs: and (4) detennination of the orientation parameters of the subsequent 

stereo pairs relative to  the first from the corresponding (conjugate) features. 

6.1 Feature Extraction 

Feature extraction techniques (typically) aim at the extraction of a set of relatively 

sparse, but highly discriminatory, 2D features from the imagery, which correspond 

to 3D features in the scene (Gonzalez and Wintz, 1987: page 322). This results 

in a considerable reduction of the representation of an image to a smaller number 

of entities: which reduces the processing requirements in subsequent steps of the 

processing chain. 

Although there is a plethora of different feature extraction techniques in the litera- 



ture, the class of techniques that employ swcalled 'interest operators' are widely used, 

particularly in photogrammetric applications. Interest operators, broadly speaking, 

are concerned with the detection and location, with high spatial accuracy, of posi- 

tions in an image whose central neighborhoods exhibit distinctive g a y  tone patterns 

(Haralick and Shapiro, 1993: page 595). 

The notion of 'interestingness' was introduced by Moravec (1977. 1979. 1981) in 

his early work concerning robotic obstacle avoidance. However, it has subsequently 

been more precisely and thoroughly defined to mean, depending on the context! one 

or more of the following (Forstner, 1993): 

a Distirtctness: Features should be distinguishable from their neighbours. 

Ur~iqueness: Features should be globally separable from other features. 

Invariance: The selection of features, and the position of each feature, should 

be irlvariant with respect to geometric and radiometric distortions. 

Stability: Features should be invariant with respect to viewing position. 

Interpretability: Extracted features should preserve semantic information, to 

allow recognition and/or interpret ation. 

The reliable and accurate extraction and representation of features is an im- 

portant part of the motion estimation process; these features form the basis of all 

subsequent processing steps. Indeed, no featurebased vision algorithm is likely to 

succeed unless 'good' features ' can be identified and tracked from frame to frame. 

or epoch to epoch. 

"Good' is generally subjectively defined, and may be application and/or context specific. 



6.1.1 Forstner interest operator 

In this research, discriminatory point features are extracted from each image inde- 

pendently using the Forstner interest operator (Forstner, 1986; Forstner and G iilch, 

1987). The basis for feature extraction using this operator is the well-known normal 

equation matrix for the least squares matching model (incorporating 2 geornet ric 

shift parameters only): 

where, gr is the image gradient matrix in the row direction; & is the image gradient 

matrix in the column direction: and grg, is the product of gradient matrices in the 

row and column directions, respectively. 

The covariance matrix of the estimated shift parameters, Cii, is easily derived 

through the inversion of the above least squares normal equations, that is, Cis = 

N-I. The semi-major and semi-minor axes of the corresponding error ellipse are the 

square roots of the eigenvalues of the covariance matrix? and correspond to: 

where. A , ,  A2 are the eigenvalues of the covariance matrix: a, b are the semi-major 

and semi-minor axes of the error ellipse, respectively; 0:: oi are the variances of the 

estimated shift parameters in the z and y directions, respectively; and o,, is the 

cross-covariance between the estimated parameters. 



The error ellipse, so derived, should ideally exhibit the following favourable p rop  

erties (Forstner, 1986): 

a the ellipse should be small, indicating localization of high precision; and 

the ellipse should be almost circular, indictating homogeneous localization in 

the x and y directions. 

Regarding a measure of the size of the error ellipse, the trace of the covariarlce 

rnatrix provides a reasonable initial evaluation. This measure. however, does not 

provide conclusive evidence of high localization accuracy one eigenvalue may be 

quite large, while the other may approach zero (an indication, in fact, that the point 

lies on an edge!). This may be avoided if the form, or roundness q, of the ellipse is 

also taken into account! a measure which is computed as the ratio of the eigenvalues. 

In fact, using the ratio of the eigenvalues requires the explicit computation of the 

eigenvalues. which in turns requires the inversion of the normal equations. Hence. 

the form factor is used instead: 

In this context, the size of the ellipse is indicative of the distinctness, while the 

degree of ellipse circularity indicates the dqgree of isotropy of the texture within the 

image window. Clearly, these criteria considered toget her require the product of the 

eigenvalues to be small (or conversely, the inverse, denoted w ,  to be large), without 

the eigenvalues differing by a large degree. Selected points will, therefore, be both 

locally distinct and well-defined in both directions. These criteria are directly used 

in feature point extraction. 



The operator, therefore, extracts point features which 'promise' optimal matching 

accuracy in the matching phase. The interested reader is referred to the references 

cited for further details of the related theoretical development. 

The use of the eigenvalues for interest point selection has been proposed by other 

researchers. For example, the Plessey operator (Hmis and Stephens, 1988), which 

is widely used in computer vision. uses a similar analysis and motivation as the 

basis for that operator. Furthermore, in other recent work on feature tracking in 

computer vision, Shi and Tomasi (1994) use the same criteria (the size and ratio of 

the eigenvalues of a matrix of the fornl of N) as a basis for point selection. .-\lthough 

the criteria used by operators for interest point detection may be based upon the same 

theoretical foundation, differences generally arise in the methods used to corripute 

(i.e.? approximate) the required theoretical values directly from the imagery, and in 

the inlplernentation of each operator. 

6.1.1.1 Selection of optimal windows 

The Forstner interest operator allows quantitative measures of the eigenvalue re- 

quirements to be estimated from the gray values in the image, without the need to 

explicitly invert the derived normal equations. The inputs and subsequent proce- 

dures for feature extraction are (Forstner, 1993): 

Inp v t parameters: 

.in image f (T ,  c )  

A gradient operator 

a A window size for the operator (m,, m,) 



.4 neighborhood size for finding local extrema 

a .A threshold qmjn for the roundness q 

a A threshold wmin for the weight w 

Procedure: 

1. Determine two derivative images, f,(r, c) and fc(.r7 c ) ,  by using the gradient 

operator. 

2. Determine the three images containing, f:(r, c), [ f,(r! c) .  f,(r, c)], and f: (r. c). 

3. Convolve the three derived images with a box (averaging) filter of size m, x Tn, 

yielding the three images, N, (r, c) , Nrc ( r ,  c), and NCc(r, c) , which represent 

the elements of the normal equation matrix for dl positions in the image (i.e., 

every pixel). 

1. Determine the images q(r, c) and w(r ,  c): coniprising ellipse form factors and 

weight (or interest) values, respectively. 

5 .  Threshold w (T. c )  leading to w8(r, c):  

w (r: C) if w (T ,  C )  > Wmin and q(r, C) > Qmin 

0 else 

6. Suppress the non-maxima of w8(r, c), setting all w* to zero where there is no 

relative maximum of w' within the prespecified window (neighborhood). 



6.1.1.2 Evaluation and classification of windows 

Optimal points (that is, interest points) must be derived from the optimal windows 

extracted in the previous processing stage. The simplest approach is to adopt the 

centre of the extracted window as the interest point. This may, however, lead to a 

bias in the point position, arising from the fact that window selection is based upor1 

the average squared image gradient within the window. 

.A model-based strategy, proposed by Fijrstner and Giilch (1987), allows the clas- 

sificat ion of the image intensity function within the extracted window, followed by 

the estimation of the optimal point within the window. The classification step is 

based upon an evaluation of the estimation models for a corner, and the centre of 

a circularly symmetric feature, respectively. The closeness of fit of the observations 

(image gradients) to each model provides the basis for the classification. 

The estimation models for a corner and the centre of circularly symn~etric features 

are. respect iveiy (see Forstner, 1993, for derivations) : 

Each 'optimal' point is estimated using both models (Equations 6.5 and 6.6): 

a process which does, in fact, require the inversion of each 2 x 2 normal equation 



matrix (although the extraction of the windows did not). It may be argued that the 

procedure is computationally expensive; however, it is justified by the significant im- 

provement in the localization accuracy, and since the bridging strategy is (currently) 

considered a pos t-mission processing step, and is not, therefore, time-cri tical. This 

yields point estimates, po and p:, for a comer and centre of a circularly synlmetric 

feature, respectively. 

The quadratic form of the residuals for each model is readily obtained through: 

0 = C ( r i  - io,q - to) . CV, . ( r ,  - io ,q - c ~ ) ~  

Classification of the image intensity function surrounding the point aims at de- 

ciding: 

Ho : the window contains an isotropic texture; 

H A  : the window contains a corner: 

HA* : the window contains a circularly symmetric feature, 

which may be tested using the following test statistic: 

This quantity is F-distributed with m - 2 and m - 2 degrees of freedom, where 

m is the number of observations. The two critical values, k l  and k2, may be used to 



classify the window: 

T > kl -t circular symmetric feature 

T < kz + corner 

Else + isotropic texture 

Based upon the outcome of the classification step, the appropriate point estimate 

is adopted as the final (optimal) interest point, an estimate which yields sub-pixel 

precision. Each set of extracted points is sorted into descending order, based or1 

the computed 'interest values'. This ensures a 'best-first' approach to the stereo 

matching. These two sorted sets of interest points form the input into the stereo 

matching module. 

6.2 Spatial correspondence analysis 

Stereo correspondence analysis is conducted on each image pair a t  each epoch. !vl* 

bile mapping imagery (and all image sequences to a greater or lesser extent) exhibits 

the following characteristics, which make the analysis non-trivial: 

geometric differences (figural distortion), 

radiometric differences (photometric distortion), and 

These factors, which arise primarily due to changes in the viewing position, need 

to be accounted for in any robust, autonomous stereo correspondence algorithm. A 

trade-off is encountered between the camera separation distance, the complexity of 



the automatic stereo correspondence algorithm, and the accuracy of the depth deter- 

mination. In general, larger changes in viewing position lead to 'unfavourable' stereo 

image characteristics, such as increased perspective differences between images, in- 

creased radiometric differences (unless the surfaces in the scene are Larnbertian, or 

nearly so), and a geater occurrence of occlusions. However, it also leads to more 

favourable imaging geometry: and a corresponding improvement in the accuracy of 

depth det errninat ion. 

By the same token, smaller changes in viewing position introduce less parallax. 

snlaller perspective differences between images, smaller radiometric differences, and a 

reduced possibility of occlusions. This eases the burden on the stereo matching alg* 

rithm. but limits the obtainable accuracy of coordinate determination and. therefore. 

orientation parameter estimation. 

As stated in Chapter 4. the VTSAT parameters have been maximized within the 

physical constraints of the mapping platform. The primary design consideration 

was the positioning accuracy; semi-automated coordinate determination has been 

addressed (see Sin. 1995: Tao, 1997), but techniques for automated feature extraction 

have been somewhat secondary requirements to date, notwithstanding the recent 

work by Tao (1997). 

The correspondence strategy used in this research proceeds in two stages, (1) 

initial correspondence and (2) precise registration, and incorporates geometric and 

heuristic constraints to increase the reliability of the stereo matching. 



6.2.1 Initial correspondence 

This step aims at determining correct correspondence between features in the image 

pair. The emphasis is, therefore, on reliability, rather than on accuracy. Reliability 

is sought through the inclusion of several constraints into the stereo image matching 

algorithm. An accurate correspondence is addressed through a separate algorithm 

for precise feature registration, which is found in Section 6.2.3. 

6.2.1.1 Epipolar geometry 

The first constraint which is exploited in the stereo matching process is the epipolar 

constraint. Since the sensors are mounted in a fixed configuration on the mapping 

platform. accurate relative orientation between the imaging sensors is known. This 

irlfornlation is independent of the absolute sensor position and orientation, and is 

used to const rain the search for stereo correspondence, i.e.? the search for conjugate 

points is constrained to lie within a threshold distance nearly ;perpendicularT to 

the epipolar lines. This effectively reduces the search for conjugate points frorn 

a 2D area (possibly encompassing the complete image) to a 1D line (the epipolar 

line). The epipolar geometry is the strongest constraint in stereo matching, and its 

presence bodes well for stereo matching algorithms. As shown later, the search may 

be further constrained to only a segment of the epipolar line! through the use of 

further geometric and heuristic constraints. 

The epipolar geometry, depicted in Figure 6.1, arises from the well-known pho- 

togrammetric condition of coplunan'ty: any 3D point, M, and the perspective cen- 

tres, 0,  and 02, of the images in which it is captured must lie in a singie plane 

the epipolar plane, E. The intersection of this plane with each image plane, I l l  and 



lIz, results in a line across each image plane, the epipolar lines, 1 and l z .  Given any 

point m, in one image, its corresponding point m2 in the other image is constrained 

to lie along the corresponding epipolar line, l z .  This is the mechanism through which 

the search for conjugate points is constrained to one dimension. 

___) Since all epipolar planes contain the base vector, 0102, the epipolar planes form 

a pencil of planes containing the base vector. This pencil of planes intersects each 

image plane at a particular point, denoted el and ez, the epipoles. The epipoles may 

also be geometrically interpreted as the projection of the perspective centre of each 

image in the other: that is, the point where the base vector pierces each (possibly 

extended) image plane. All epipolar lines, therefore, form a pencil of lines, passing 

through each epipole. Note the symmetry of the epipolar geometry: each poirit in 

the left image, m l k ,  lies on an epipolar line, I l k ;  each point in the right image. m ~ , !  

which corresponds to the same world point Mb. lies on the corresponding epipolar 

line. 12, in the right image. 

The epipolar geometry may be compactly and elegantly represented by the so- 

called essential mat* (Thompson, 1968; Longuet-Higgins, 1981): which captures ail 

geometric relationships between the two images. The coplanarity condition can be 

represented by the scalar triple product as: 

where, 

is the base vector expressed in the object space coordinate system; 



0, is the perspective centre of the left image 

O2 is the perspective centre of the right image 
M is an object point captured in the left and right irnages 

mi (xi, 9 , )  is the image of M in the left image 

mz(zz, yz) is the image of M in the right image 
E is the epipolar plane 

n l  is the left image plane 

n2 is the right image plane 

1 ,  is the line formed on by the intersection of H I  and E 

l2 is the line formed on 112 by the intersection of n2 and E 
el is the left epipole 
ea is the right epipole 

Figure 6.1 : Epipolar geometry 



is the left image coordinate vector expressed in the object space coordinate system; 

RI is the orthogonal rotation matrix from object space to left image space: 

is the right image coordinate vector expressed in the object space coordinate system; 

and R2 is the orthogonal rotation matrix from object space to right image space. 

This may be written equivalex~tly as 

where. B is the base vector represented in skew-symmetric matrix form. as 

Expressing this in terms of the original (unrotated) image coordinates yields. 

where, 

E = R ~ B R T  
is the secalled essential matrix, and the other quantities are as previously defined. 

A point in the master image is mapped by the essential matrix to a line in the 

slave image (the epipolar line), an operation known as a collineation in projective 

terns. 



Computing the epipolar Lines Given a point, say, in the left image, the epipolar 

line in the right image is required for the stereo correspondence analysis. This is 

computed as follows: 

1. Convert the pixel coordinates of the point in the left image to the left image 

coordinate system: 

2. Compute the essential matrix, E = R~BRT 

3. Map the point in the left image, using the essential matrix. to a line in the 

right image: 

where, a*, h, c.1 are the parameters of the epipolar Iine in the right image. .Any 

point lying on this line will satisfy: 

Similarly. if the epipolar Iine corresponding to the image point is required in the 

sarrle (left) image, this can be computed as follows: 

1. Given the image point in the left image, one other point is required to define 

the slope of the epipolar line. This other point is, of course, the left epipole el, 

through which all epipolar lines in the left image pass. Compute the left image 



coordinates of the epipole as the projection of the right perspective centre in 

the left image, using the collinearity equations (see Section 3.2) : 

Z., = -fl  
rl , ,bz + r ~ ~ ~ b ~  +rl13br 
'131 bZ f '1s2by f r ~ ~ ~ b r  

Ye, = -f, ' 1 2 1 ' ~  + ~ 1 2 ~ 6 ~  + rl23bZ 

~ 1 3 l b z  + r132by + rlub, 

where, b,, b,, bz are the components of the base vector. This yields two points 

in the left image plane that lie on the epipolar line, ml and el. 

2. Convert the given image point from the pixel coordinate system to the left 

image coordinate system: 

3. Compute the parameters of the epipolar line in the left image plane. given by 

the cross product of the two point coordinate vectors: 

where, a I ,  bl , cl are the parameters of the epipolar line in the left image plane. 

Any other point lying on this line will satisfy: 

During stereo correspondence analysis, a point in the master image is mapped to 

the epipolar line in the slave image. Any extracted feature points in the slave image 



which fall within a threshold distance of the epipolar Iine, are deemed candidates 

for the conjugate point. In reality, the conjugate point should lie directly on the 

epipolar line; however, unrnodelled effects of lens, and other, distortions in the image 

plane, may lead to small deviations from this condition. Therefore, feature points 

falling within a band of 1 2 pixels on either side of the epipolar line are considered 

candidates for correspondence. The distance from each point to the epipolar Iine is 

computed as the dot (inner) product between the point vector and the line (subscripts 

are omitted for clarity): 

6.2.1.2 Disparity range 

The epipolar constraint drastically reduces the search space for conjugate points. by 

constraining the search to a line (or a band, at most). Since the correspondence 

ar~alysis is inherently ambiguous, it is desirable to restrict the search further. if 

possible. 

.A geometric analysis of the ray intersection geometry yields a range of dzspan'ty 

within which any valid conjugate point must fall. This range is derived by the 

following analysis, assuming a (nominal) nornlai imaging geometry, and fixed camera 

t ase: 

1. For any given point in the left image, with coordinates (zl, yl), the correspond- 

ing point in the right image cannot have an I-coordinate greater than xi, since 

this would cause diverging rays, and no intersection would occur. This is tan- 

tan~ount to requiring a positive parallax or disparity value, p, with p + O as 

the distance to the object point approaches infinity (D + m). This places a 



lower bound on the disparity (p > O), and hence on the search region along the 

epipolar line. Furthermore. if the maximum viewing distance is known to be 

limited to some finite distance ( D  << m) then the lower disparity bound may 

be somewhat greater than zero, thus further restricting the search space. 

2. Likewise, for any given point in the left image, the corresponding point in the 

right image cannot have an x-coordinate less than some threshold value? rhIn, 

since this would require an object point which falls too close to the stereo rig 

to be within the image format. This places an upper bound on the disparity. 

By further analysing the imaging geometry? and camera configuration, it  may 

be concluded that points are unlikely to be imaged within a certain distance 

of the stereo rig, say 3 metres. This further reduces the upper bound on the 

disparity range, thereby further constraining the search space. 

This disparity range, depicted in Figure 6.2, constrains the search space to some 

segment of the epipolar line, usually considerably less than the width of the complete 

irriage format. In this way, through judicious use of geometric and heuristic knowl- 

edge, the search range can be further restricted. Currently, a disparity range of 271 

is used for VISAT image sizes of 512 x 480 pixels, which illustrates the effectiveness 

of this constraint. 

6.2.1.3 Weighted correlation coefficient 

The next constraint exploited in the correspondence analysis is the similarity con- 

straint: image points in each image which correspond to the same 3D world point 

should appear 'similar'. The issue is then to quantify 'degree of similarity' through 

some metric; the correlation coefficient, and variants such as  the sum-of-squared dif- 
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Figure 6.2: Disparity range 

fererlces (SSD) and sum-of-absoiute differences (SAD) (see Helava, 1976, for others), 

are the classical measures that have been used in image processing applications for 

rnany decades. 

The similarity metric used in the initial correspondence analysis in this research 

is a normalized, weighted correlation-based measure. However, the correlation coef- 

ficient implicitly assumes a translation-only mapping function between the images. 

Perspective effects, caused by changes in the viewing position, cause deviations fro111 



this assumption, to varying degrees. In correlation-based matching, therefore, there 

is a classic trade-off' between the region-of-interest, or image window size? and the 

accuracy and reliability of the image matching. A large window size includes suf- 

ficient image (signal) content to enable more reliable matching, but the effects of 

perspective distortion degrade the accuracy of the matching results. Smaller win- 

dow sizes, although less influenced by perspective effects. may not include sufficient 

image content for a reliable match, leading to ambiguous or inconsistent matching 

results. 

A compromise to this trade-off is at  tempted, using a weighted correlation mea- 

sure. This allows the use of larger window sizes, for matching reliability, but the 

window weighting function favours the central portion of the window, at the expense 

of the outer regions. The influence of perspective effects are thus minimized. with- 

out (completely) compromising reliability. Radiometric differences are accounted for 

through normalization of the correlation coefficient. 

The weights are incorporated into the standard normalized correlation coefficient, 

yielding: 

where. wi is a weight coefficient for the ith gray value; fi  and gi are the i th gray 

values in the master (source) image and slave (target) image windows, respectively; 

and f , . i j  are the mean gay  levels in the master (source) image and slave (target) 

images, respectively. 

Similar approaches have been employed by other researchers (see, Yori et al., 



1973; Zheng and Chellappa, 1993; Xin, 1995; Tao, 1997, for example). 

Weighting functions tested in this research include the following: 

Zheng and Chellappa's weighting junction (Zheng and Chellappa, 1993): 

1 if (r? C) = (0,O) 
w i l r c ) = {  A else 

8(max 1 ~ 1 ) )  

where, wi is a weight coefficient for the ith g a y  value: and -4 is the ratio of the 

weight of the central point to the weights of the outer pixels in the window. 

Tau 's weightiny funtion (Tao, 1997): 

where. wi is a weight coefficient for the ith gay value: w,i, is the minurnurrl 

weight value (for example, O.5) ,  which defines the relative contributiorl of the 

outermost pixels in the window (and hence the steepness of the weighting 

function): di = max ( I T \ ,  lcl) is the distance of the current pixel from the 

window centre: and &,, is the maximum distance from the window center. 

The maximum weight is 1. 

Tao's function is linear, while Zheng and Chellappa's function is more Gaussian- 

like. None of the authors provide any justification for their choice of weighting 

function; the choice seems somewhat arbitrary, and is quite likely empirical. How- 

ever, in this author's experience, it appears that the choice of weighting function does 

not largely influence the results, and as long as the middle portion of the window is 



moderately weighted relative to the outer portions, reasonable results are obtained. 

Weighting the inner region of the window too highly relative to the outer region is 

effectively equivalent to matching with very small windows - there is insufficient 

signal content for a reliable match, and the results are potentially inconsistent. It 

would require a thorough and well-structured experimental protocol to determine 

weighting functions that perform well across varying types of imagery (if these ex- 

ist!). Such an investigation has not been undertaken as part of this research, and 

the weighting functions listed above have been adopted and used. 

6.2.1.4 Significant maximum coefficient 

For each point in the master image, the set of interest points from the slave image 

are searched, within the search space constrained as outlined above. Points with cor- 

relation scores greater than some threshold value are retained as match candidates. 

Once the complete set has been searched, the winner and runner-up scores are 

differenced. .4 sharp. unambiguous peak in the correlation function will be charac- 

terized by a large difference between the winner and runner-up correlation scores. 

i.e.. a szgnzjcant maximum2 correlation coefficient (He and Novak, 1991). Small 

differences between these scores suggest the possibility of either: 

1. a broad, rounded correlation function, indicating a poorly defined feature which 

cannot be precisely matched, or 

2. a series of two or more sharp, well-defined peaks, indicating repetitive (albeit 

well-defined) image structure which cannot be unambiguously matched. 

''Significance' in the strict statistical sense is not implied 



Either case leads to ambiguity in the match results; hence these cases are s u p  

pressed by requiring a 'significant' maximum. Note that it is implicitly assumed 

that a sharp, well-defined peak, if it exists, is the location of the true correspon- 

dence. This may or may not be true; however, this is an issue of global consistency, 

and is a far more difficult hypothesis to verify. 

.A value of 0.2 is used as a threshold for this secalled significant nlaximum cor- 

relation coefficient. 

6.2.1.5 Left-to-right consistency 

Followirlg the symmetry of the epipolar geometry, the images play a symmetric 

role in the image matching: the initial correspondence analysis is accomplished in 

two passes. During the first pass. the left image is the master image, the right 

image is the slave image, and the matching is conducted from left-bright. During 

the second pass, the role of the images are reversed, and the analysis is conducted 

independently from right-tdeft.  .Any point which is successfully matched to the 

same conjugate during the two passes is said to satisfy the left-to-right consistency 

constraint (Deriche et al., 1994), and the match is considered validated: all matches 

which fail this consistency check are invalidated, as depicted in Figure 6.3. This 

constraint is, therefore, based on the unlikelihood of committing the same mistake 

twice? and although heuristic in nature, it suppresses many matches which would 

otherwise lead to ambiguity later in the analysis. 



ah 
n r a ~  right-ta-Ieft 

-- 

Coneietency constraint eatiefied: match validated 

Coneietency constraint violated: match invalidated 

Figure 6.3: Left-t o-right consistency 

6.2.2 Adverse effect of the matching constraints 

These constraints impose fairly stringent requirements for the initial correspondence. 

which introduces the danger of suppressing correct (true) correspondences ( the s* 

called Type I error). However, this is tolerated, and is seen as being preferable 

to admitting incorrect matches into subsequent steps in the processing chain. The 

later in the process that ambiguous or incorrect matches are discovered, the more 

difficult it becomes to deal with them effectively, without the risk of eliminating too 

many matches, or worse still, some other match, leaving the incorrect one to further 

degrade the results (so-called Type I1 error). 



6.2.3 Precise registration 

Following the initial correspondence analysis, precise registration is accon~plishecl 

using the well-known least squares matching (LSM) algorithm. This algorithm is 

well-documented in the literature (see Griin, 1985a, for example). Here again, we 

encounter the trade-off between window size, and matching accuracy and reliability. 

In most cases, using imagery captured by VISAT, there is insufficient image content 

to allow reliable estimation of any geometric shaping parameters, especially for corner 

features and points near the horizon. Increasing the window size yields more image 

content for the estimation of these parameters, but also greater perspective differ- 

ences between the image regions-of-interest. This problenl causes difficulty in almost 

all image matching, particularly in terrestrial image matching, but reaches almost ex- 

t reme levels in the case of terrestrial mobile mapping imagery. Over-parameteriaat ion 

in LSM may lead to either 

1. divergence of the solution, and hence no match; or 

2. oscillation about the optimal solution, which results in slow (or no) conver- 

gence, and degraded accuracy of the match. 

Therefore, not surprisingly, most reliable (and autonomous) results were obtained 

using relatively small window sizes (11 rows x 15 columns), and solving for two 

translation parameters only, as well as radiometric ofket and gain. The small window 

sizes reduce the effect of perspective differences, whilst a stable solution is fascilitated 

through limiting the number of unknown parameters. The different size in the x and 

y directions attempts to reduce the effects of varying scale in the image, which is 



more pronounced in the direction of the y image axis. A similar approach was used 

by Xin (1995). 

Any points for which the least squares matching solution diverges, or does not 

converge fast enough (a threshold of 20 iterations is currently used), are also in- 

validated: and removed from the set of correspondences. The remaining points are 

hypothsiaed as true candidates, and passed to the temporal correspondence module 

for additional processing. 

6.3 Temporal correspondence analysis 

As defined in Section 5.1.3, temporal correspondence is the pairing of image fea- 

tures, from each of two (or more) images captured at d f i r e n t  epochs (times t and 

t t i. i 2 1): which represent the same feature in three-dimensional space. The 

same difficulties encountered in the spatial correspondence analysis (geometric and 

radiometric differences, and occlusions) are encountered here, but since the change in 

viewing position is greater in the case of images from different epochs, these artifacts 

are usually present to a greater degree. 

The temporal correspondence strategy proceeds in a number of st ages: 

1. Conlputation of 3D coordinates 

2. Predict ion of unknown image position and/or orientation 

3. 0 bject point back-project ion and search for conjugate points 

4. Precise regist ration 

5. Evaluation of spati+temporal consistency 



6.3.1 Computation of 3D coordinates 

Since the parameters describing the interior geometry of the imaging sensor are 

precisely determined through camera calibration techniques, and are deemed stable 

over extended periods of time (several months), accurate 3D coordinates for all 

(hypothesized) conjugate features may be computed, based upon the best current 

estimate of the sensor locations at that time. The positions are computed relative 

to the position/orientation of the sensors. which should nominally coincide with 

the object space coordinate system. In the early stages of the bridging process. 

the position/orientation parameters are known from GPS/INS georeferencing. In 

the subsequerit stages, the parameters are estimated from previous iterations of the 

process being described (see Section 6.4 for a description of the parameter update 

process). 

.I simple, linear intersection model is used to calculate 3D coordinates for each 

hypothesized pair of conjugate image points. The model is based on an intuitive. 

geonietric model of the vectors involved in the intersection problem (see Chapman, 

1996: for example): the base vector, the (scaled) left image vector, and the (scaled) 

right image vector. According to the condition of coplanarity (cf. the epipolar plane). 

these vectors should all lie in a single plane, and the vectors (provided that all are 

expressed in the same coordinate system) should sum to zero in each component. 

In general, however, the vectors will not sum to zero, and small residuals, termed 

parallax? may remain in each component. 



This geometric analysis yields the following vector summation equation: 

where. A ?  p are unknown scale factors required to scale each image vector to the 

appropriate length (to intersect in object space): 6,: lr,, bz are the components of the 

base vector: x i ,  &,, fl. z2, ij2, f2 are the components of the image coordinate vectors of 

the left and right images, respectively: RI , R2 are the orthogonal rotation matrices 

of the left and right images, respectively; and p,,p,,pl are the unknown parallaxes 

in the object coordinate system. 

This equation may be rearranged, and solved for the two unknown scale factors by 

linear least squares techniques, and the components of parallax subsequently derived 

fro111 the vector misclosure. Final 3D coordinate values for the object point may 

then be determined: 



Points with high parallax values signal poor matching accuracy, or a possibility 

of incorrect correspondence. Therefore, the parallax is thresholded, and any points 

exceeding the threshold are excluded from subsequent processing. The parallav 

is thresholded primarily using the ratio of the parallax to the distance from the 

stereo rig. This accounts for the effects of imaging geometry, allowing more distant 

points greater parallax. However, this introduces the danger of very distant points 

being admitted (i.e., points on or near the horizon, with unreasonably large parallax 

values), since the large distance to the point reduces the ratio. Therefore, a second 

parallax threshold is introduced, based on the magnitude of the parallax alone. This 

cornbirlation was found to be effective in eliminating points likely to cause instability 

in later stages of the processing chain. 

It should be noted that it is possible, in principle, to treat all points simultane- 

ously, through the use of a combined twwphoto bundle adjustment for the compu- 

tation of the 3D coordinates at each epoch. However, this introduces the danger of 

mismatched or poorly matched points degrading the quality of surrounding points, 

while the 'smearing' and 'swamping' effects of least squares also makes the isola- 

tion of questionable points more difficult in this case. Therefore, for ease of error 

detection and eliminatior~, the above pointwise approach is adopted. 



6.3.2 Prediction of image position and/or orientation parameters 

The temporal correspondence approach relies on a position and/or orientation esti- 

mate at the subsequent epoch, to allow tracking of the feature points to  that epoch. 

Initially, this estimate is derived using a model of the vehicle motion. Simple linear 

extrapolation of the vehicle position and orientation is used in this work, assuming 

constant acceleration and angular velocity. This leads to: 

More sophisticated approaches are possible, such as using the predictive capabil- 

ity of Kalman filtering techniques. This would allow an adaptive approach, whereby 

the predicted position and orientation covariance information could be used to set 

search window sizes and tolerances. This would possibly lead to more robust perfor- 

marice over longer image sequences. These approaches have not been investigated iri 

this research, but are mentioned here as possible alternatives only. 

6.3.3 Back-projection and search for conjugate points 

This step deals most directly with the search for the points conjugate to those ex- 

tracted from the previous epoch. Inputs are the computed 3D coordinates from the 

previous epoch, and the predicted position and/or orientation of the current (un- 

known) epoch. Left and right images are treated independently, and matching is 

performed between the two left images at times t and t + 1, and between the two 



right images at times t and t + 1, respectively. The 3D coordinates of each object 

point are back-projected into each image at epoch t + 1, using the collinearity equa- 

tions (see Section 3.2.1). All quantities are known (or at least predicted), except the 

image coordinates. The image coordinates so derived form the starting point for the 

conjugate point search. 

-4 correlation window is centred on every pixel sumounding the predicted im- 

age coordinates, radiating outward in a spiral search pattern. The weighted cross- 

correlation coefficient is! once again, used as a similarity metric. The epipolar con- 

straint cannot be rigidly enforced, since the relative orientation between images from 

adjacent different epochs is unknown. However, the use of back-projected image c s  

ordinates, together with a search window which does not deviate too far from the 

origind image position, implicitly acconlrnodates the epipolar condition. 

.4 trade-off is encountered in the selection of the search radius (wirldow size): 

setting the radius too small results in too few points being tracked, especially when 

the epoch-teepoch motion of the platform is large, and/or erratic. This leads to 

poor connectivity between epochs, resulting in low accuracy of the bridging solution. 

In contrast, setting the search radius too large often results in the tracking of object 

points that undergo independent motion between epochs (such as points falling on 

other vehicles). These points yield good focal consistency3, but when considered 

.qlubally, such as in the subsequent triangulation solution, these points fit poorly. 

Notwithstanding this, the cent re of the window which yields the highest corre- 

lation score, provided it is above a threshold value, is provisionally accepted as the 

conjugate point. 

3That is, they satisfy the similarity metric, and other geometric constraints imposed. 



6.3.4 Precise registration 

Precise registration is performed on these candidates, using the least squares match- 

ing algorithm. Once again, any points which diverge, fail to converge, or converge 

too slowly, are rejected from the analysis as failures. 

6.3.5 Spatio-temporal consistency 

As previously outlined, the tempirral consistency analysis is based on the premise 

that known correspondence between features in one stereo pair (epoch t)  may be 

extended to those features in the following stereo pair (epoch t+ l ) .  assuming that the 

features are reliably tracked. Therefore, stereo correspondence needs to be verified. 

The features tracked in each of the left and right images are subjected to the same 

spatial correspondence analysis described in Sect ion 6.2. Any features failing the 

analysis are assumed to have been tracked incorrectly, and are eliminated. This 

4way matching addresses local consistency. 

Global temporal consistency is then assessed through scxalled 'spatio-temporal 

loops' (Sung and Myint, 1992): if corresponding features in one stereo pair (epoch 

t) are each tracked independently, and then established as corresponding features in 

the following stereo pair (epoch t + I), a spatio-temporal loop is established which 

can be completely traversed, eventually closing back onto the starting point of the 

loop. Loops which do not close back onto the starting point are assumed to be 

inconsistent, and features from both epochs are eliminated. 

A11 surviving features are deemed to have been correctly tracked, and form the 

input to the algorithm to update the parameters of exterior orientation of the current 

epoch. 



6.4 Motion parameter update 

Following the spatial and motion correspondence analyses, the pruned set of feature 

points is used to update the exterior orientation parameters of the current (un- 

known) epoch. The parameter update is performed by rigorous, three-dimensional 

least squares bundle adjustment , based on the extended collineari ty equations (see 

Equations 3.11 and 3.12). 

The least squares adjustment uses the so-called unified method of least squares 

(Mikhail, 1976), in which all quantities participating in the adjustment (both ob- 

servable~ and unknown parameters, as viewed in the classical sense) are treated as 

observed quantities, each with an associated variance reflecting the (relative) level of 

confidence in the associated 'observed' value. It is the covariance or weight matrices 

of all 'observations' which allow differentiation between parameters which may vary 

freely in the adj ustment, those which should effectively remain const ant, and the 

obvious range of possibilities in between. For example (see Yikhail, 1976, page 334). 

I. if an observation is given a very large variance, its weight is practically zero. 

and it is allowed to vary freely in the adjustment, analagous to an unknown 

parameter in the classical sense; or 

2. if an observation is given very small (close to zero) variance, it receives very 

high weight, and is essentially held fixed in the adjustment, analagous to a 

constant in the classical sense. 

Every quantity participating in the least squares adjustment, therefore, is weighted 

according to its variance information, which may be known or predicted. In the case 



of exterior orientation parameters known kom the GPS/INS data processing, the pa- 

rameters are weighted according to the variances stored in the VISAT image header 

files! which are a by-product of the GPS/INS data processing. In the case of un- 

known epochs, the unknown parameters have 'reasonable' predicted values derived 

during the predictive phase of the motion correspondence analysis, and are weighted 

according to the (heuristically) estimated accuracy of these predicted values. 

The functional and stochastic models of the least squares adjustment are well- 

documented in standard photoearnmetry texts (see Slama, 1980), and are not dis- 

cussed in detail here. Notwithstanding this, the somewhat unique imaging geometry 

of mobile mapping systems necessitates the inclusion of solution constraints: and 

the current context dictates the use of more specialized matrix reduction techniques 

for solving the over-determined system of equations. Details of these aspects are 

provided in the sequel. 

6.4.1 Imaging geometry constraints 

Since the relative imaging geometry is known and 'fixedt, constraints are incorpo- 

rated into the adjustment to constrain the relative movement of the exposure stations 

within each epoch, thereby preserving the fixed and known relative imaging geometry 

between images in each stereo pair. The known, observed values of the parameters 

describing the relative imaging geometry are determined through system calibra- 

tion, together with realistic variances. Covariance information is not available. The 

imposition of these constraints allows the least squares adjustment to yield more 

realistic position and/or orientation? and associated error estimates, of the derived 

3D points and estimated exterior orientation parameters, respectively (see Section 



4.6). The constraints considered include relative orientation angular constraints, and 

base component constraints. The formulation of each constraint is presented in the 

following subsections. 

6.4.1.1 Base component constraint 

The components of the base distance between the perspective centres O1 and O2 of 

the images in a stereo pair, expressed in the left image coordinate system, are: 

where, X I ,  , 2, and X2, Y2, Z2 are the coordinates of the left and right perspective 

centres in the object space coordinate system, respectively; R[ is the orthogonal 

rotation matrix of the left image; and b:, l$, &: are the base components rotated into 

a system parallel to the left image coordinate system. 

This equation forms the basis of the base component constraint. Expressing the 

base components in the image coordinate system of the first (left) image serves to 

make the components independent of the orientation of the stereo pair in object 

space, reinforcing the fact that the relative geometry is independent of absolute po- 

si tion and/or orient ation. The base component constraint is a considerably stronger 

constraint than a base distance constraint, which merely constrains the Euclidean 

distance between the perspective centres to some known value: 

I B I= J ( X ~  -XI)' + (YZ - ~ 1 ) '  + ( 2 2  - ~ 1 ) *  (6.39) 

Clearly, in the case where individual components of the base distance are con- 

strained, the geometry of the system is more properly preserved. 



The constraint observation equations, based on Equation 6.38, are then: 

where, AX = (X2 - X I ) ,  h Y  = (Y2-lrl), AZ = ( a - Z l ) ;  1 - 1 ~ ~ .  . . are the elements 

of the left image orthogonal rotataion matrix, R1, b:, b i ;  bE are the components of 

the base vector determined a priori during system calibration (see Appendix B for 

the actual calibration values); and ab,, q,, and a,, are the standard deviations of 

the constraint equation in each component. 

In order to include the constraint observation equations in the non-linear least 

squares adjustment, they are linearized with respect to each of the parameters, 

namely, SI , x, ZI , iYZ, Y2, and Z2. 

6.4.1.2 Relative orientation constraint 

The relative orientation constraint is formulated in terms of the relative rot at iori 

matrix between the two images: 

where, Rl and R2 are the rotation matrices of the left and right images, respectively, 

each of the same form as Equation 3.13; and 
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It is interesting, though not surprising, to note the similarity between this equa- 

tion, and that of the essential matrix (equation 6.19), both of which capture the 

geometry of the relative rotations between the images. 

The relative orientation angles may then be evaluated, in the case of the reverse 



rotation sequence used for VISAT, by: 

A4 = - arcsin (Ar13) (6.45) 

and the constraint observation equations for each of the relative rotation angles are 

where, AwO, A#", An" are the values of the relative angles determined a pn'un' 

during system calibration (see Appendix B for the actual calibration values); o ~ ~ ,  

oa,, oa, are the standard deviations of the relative angular components. 

This formulation of the relative orientation constraint allows for the arbitrary 

orientation of each image in object space, i.e., it does not require or assume a true 

(or approximate) normal imaging geometry. 

Once again, inclusion of these constraint observation equations in the least squares 

adjustment requires that each equation be linearized with respect to each of the image 

orientation parameters, namely, w 1 ,  #, , n 1 ,  wz, &, and nz. The form of these ex- 

pressions, followed by partial differentiation, leads to rather unwieldy expressions for 



evaluation of the elements of the design matrix in the mathematical model. Nonethe- 

less, the equations are extremely effective in constraining the imaging geometry. 

These constraints were formulated in a similar manner by He et al. (1991) and 

later, El-Sheimy (1996a), to constrain the imaging geometry during the system cal- 

ibration. In those cases, however, the parameters describing the relative imaging 

geo~rle t ry were solved as unknowns. while being simultaneously const rained to re- 

main constant across all exposure stations through shared parameter or equivalency 

constraints, for the determination of sensor offsets. In this case, the known values 

are incorporated into the least squares bundle adjustment as  weighted constraints 

For the bundle solution. 

6.4.2 Batch solution of the least squares bundle adjustment 

The least squares solution of an over-determined linear system of equations, Ax = b. 

requires the minimization of llAx - bll, where, A E IpmXn with m > n and b E Rm. 

The system of nornial equations (without weight matrices) is formed as 

where, N is the n x n symmetric positive-definite normal equations matrix, x is the 

n-vector of unknown parameters, and b is a m-vector of constants. 

A popular, classical approach to solving this system of equations involves the 

factoring of N into UTU, where U is an upper triangular matrix, through Cholesky's 



squareroot factorization, and then solving the two systems 

uTd = 6 

and 

by simple back-substitution. 

The Cholesky factorization? which requires a symmetric, positive-definite matrix, 

exhibits good numerical stability (without the need for pivoting), and exploits the 

symmetry of the matrix, making it one of the fastest methods for solving linear 

least squares problems (Press et al.. 1992). The solution, however, is arrived at 

through building the complete set of normal equations, and then solving the systerrl 

sirnultuneousiy. 

6.4.3 Sequential solution of the least squares bundle adjustment 

The presented bridging strategy proceeds iteratively along the stereo image sequence. 

and, there fore, lends itself to sequential computational techniques. Indeed, the strat- 

egy requires an updated set of parameters at each stage of the algorithm, in order for 

the temporal correspondence analysis to work effectively; i.e., at each epoch, an u p  

tedate  estimate of the current? most-recently estimated epoch is required, in order 

to estimate the next, unknown epoch in the sequence. 

.4lgori t hms for sequential data processing and analysis have been investigated 

in the photogrammetric literature for some time, mainly in the context of on-line 

triangulation (see the review by Griin, 19831, for example, and the references cited 

therein). It is well-recognized, in this field and others such as positioning and nav- 



igation, that recursive computational techniques are required for adequate system 

response, and to circumvent redundant processing involved in performing a complete 

batch solution at every epoch. Although, a t  present, the bridging strategy is pre- 

sented as a post-processing step, and hence is not timecritical, due regard has been 

given to these considerations. 

6.4.3.1 Sequential parameter updates using Givens transformations 

Givens transformations is a matrix reduction technique that has found many a d v e  

cates when dealing with general sparse linear systems (see Gentleman, 1973; George 

and Heath, 1980, for example), and, more particularly, in photogammetric and sur- 

veying applications (for example Blais, 1982: 1983: Teskey, 1984). 

The Givens transformation is an orthogonal transformation method, that allows 

a direct solution to a system of over-determined equations, without the need to ex- 

plicitly form the normal equations. The transformations are simple two-dimensional 

rotations which permit a row-by-row transformation of A and b, with possibilities 

for exploiting sparseness. 

Consider, for the definition of the Givens rotation in the present context, one 

row coefficient vector in the system Ux = d, and one row coefficient in the system 

Ax = b (i.e.: a single row of the observation design matrix). 

.-2 Givens transformation rotates these vectors (see Gentleman, 1973), 



where, 1 5 i 5 j < n, to obtain modified vectors, 

where 

Clearly, the requirement that ai transforms to zero corresponds to conditions that 

The transformation obviously leaves unchanged zeros appearing in corresponding 

elenlents of both vectors. Also, if the element of the new row in the design matrix is 

already zero, the rotation may be skipped for that element. 

The application of Givens transformations to the rows of A and b then proceeds 

as  follows (Blais, 1983): 

1. initialize U and d to zero, and 

2. for each row of A and b, apply Givens transformations to each row of U and 

d. 



Each observation vector (i.e., individual rows of A) is reduced to a zero vector as its 

constributions are made to each row of U and d. 

The (updated) solution can be obtained at any time by simple back-substitution. 

Note that a back-substitution may be obtained even in the case that U is singular: 

however, non-singularity of U is easily verified prior to back-substitution by checking 

the determinant of U. 

6.4.3.2 Givens transformations with weighted observations 

Gentleman ( 1973) also describes the mechanism whereby observations with associ- 

ated statistical weights are easily accommodated within this computational scherne. 

Provided that the observations are uncorrelated (i.e., the weight matrix is diagonal), 

the row vector of the observation matrix may simply be pre-multiplied by the square 

root of the associated statistical weight, and then the Givens transformations applied 

as previously described. 

.A related procedure for the case of correlated observations, which simply requires 

additional Givens transformations applied to the weight matrix, before proceeding 

with Givens transformations in the normal manner! is described by Blais (1982: 1983) 

and Teskey (1984). 

6.4.3.3 Advantages of Givens rotations 

The Givens technique has also been shown to have distinct advantages over the 

rnore conventional reduction schemes, such as Cholesky decomposition and Gaussian 

elimination, in terms of storage requirements, numerical stability and computational 

efficiency (George and Heath, 1980). 

Furthermore, the rows of the design matrix, A, can be processed one by one, and 



each row's contribution added to the matrix system, thereby allowing the observa- 

tions to be accessed in whatever order is most convenient for the application. 

The processing of rows is 'open-ended', in the sense that new rows of A car1 

be rotated into the system at any time and the resulting new solution computed, 

provided that the new rows fit within the existing data structures (i.e., the size of A 

should not require change). Naturallx if the new rows do not fit in the existing data 

structures, then a more elaborate updating scheme must be used to incorporate the 

effect of the new rows into the data structures. 

6.4.3.4 Practical and implementation aspects 

The ordering of the parameters in the design matrix (and the normal equations) of the 

least squares bundle adjustment is generally based on parameter type. For example, a 

rather classical approach to  solving the bundle adjustment normal equations involves 

grouping all object point parameters at the start of the normal equations, followed 

by the image exterior orientation parameters, and lastly, any addition& parameters. 

The ordering, and the dimension of the matrices involved in the adjustment. require 

careful management when observations are added or removed during the sequential 

solution updates, as mentioned above. 

.As an example, consider a new observation, comprising the jth object point in!- 

aged on the ith image, being added to existing n x n system of equations (ignoring 

the presence of additional parameters for simplicity). This involves the following 

scenarios: 

1. both the image exterior orient ation parameters (XOir hi, Zai , wi, &, ni) and the 

object point parameters (Xj,Y,,Zj) have previously been added to the solution 



matrices; 

2. only the object point parameters have previously been added to the solutioll 

matrices; 

3. only the image point parameters have previously been added to the solution 

matrices; and 

1. neither the image exterior orientation parameters and the object point param- 

eters have previously been added to the solution matrices. 

Case (1 )  is simplest, as the contribution of the new observation requires no 

changes to the dimensions of the matrices. The remaining cases all require some 

expansion of the solutiorl matrices to accommodate the new parameters. Depending 

on the ordering requirements of the normal equations, these cases may also require 

the relocation of existing elements within the solution matrices, if the preservation of 

the grouping of similar parameters is desirable. Therefore, in spite of the rather sim- 

ple corn put a t  ional procedure involved, these requirements considerably increase the 

time required to add the contribution of an observation to the system of equations. 

Possible approaches to overcoming, or reducing the importance of, these require 

nlents for matrix expansion and 'element relocation' include: 

1. disregarding the grouping of the parameters, and always adding new parame- 

ters a t  the end of the existing matrix structures: and/or 

2. adopting a more sophisticated approach to the matrix dimensioning and mern- 

ory management, such as preallocating large blocks of computer memory, and 



automatically managing both the current matrix size and maximum size, and 

the dynamic expansion of either when the need arises. 

The first approach may compromise the compatibility between classical batch so- 

lutions, and sequential approaches, depending on the ordering requirements of the 

technique used for the reduction of the normal equations. The second approach is 

becoming increasingly popular in modern computer progranlnling paradigms, and 

allows system delays required for computer memory management to occur at more 

predictable intervals, and at times when such delays are tolerable by the application 

requirements. 

6.4.4 Compatibility of batch and sequential solutions 

In the current context, a number of known (georeferenced) epochs may be included at 

the start of the unknown trajectory segment. In these cases, the strategy proceeds 

in an identical manner! with the exception that no prediction of each subsequent 

epoch is required, and no parameter update is required at the end of each processing 

iteration; the epoch is already geo-referenced through the GPSJINS processing. 

It is appropriate, therefore, to complete the spatial and temporal correspondence 

analyses for all known epochs at the start of the segment, and execute a batch least 

squares solution to estimate a consistent set of adjusted exposure station and object 

point parameters. Notwithstanding this, it is desirable, indeed required, that the 

solution then be capable of being updated by sequential means. 

There is good compatibility between the Cholesky factorization and the Givens 

transformation technique. Gentleman (1973) has shown that the matrix U updated 

by the Givens transformations may, in fact, be the same upper triangular matrix 



obtained by the Cholesky decomposition of the normal equation matrix (see equation 

6-51), and with d = ATb, this completes the equivalency. 

This allows an initial batch solution to be carried out conventionally, using for- 

mation of the normals equations and Cholesky factorization, for computational ef- 

ficiency. Following this, provided that the upper triangular matrix, U, from the 

Cholesky algorithm, and the right-hand side of Equation 6.51 are stored, the s* 

lution may be sequentially (recursively) updated when new observations become 

available. This is the approach taken in this work. 

.As previously mentioned, it is possible to form and solve the complete solution 

using Givens transformations; however, unless the sequential processing nature is 

required, either for interactive on-line editing, or parameter updates based on newly 

available observational information, the Cholesky algorithm is, in general, more effi- 

cient, as it has a lower operation count (see Teskey, 1984, for a formal comparison). 

6.4.5 Problems 

A rnajor shortcoming of the computational strategy presented herein is its inability 

to effectively deal with deviations from the mathematical model (or the assumptions 

of the model). It is common practice in photogammetry (and related geomatics 

disciplines) to distinguish between different types of error sources when dealing with 

these deviations. The errors, with examples for the current context, are generally 

classified as: 

a Random errors, which include error sources such as photon noise, electronic 

noise, discretization, quantization, and related effects; 



a Systematic errors, which may include items such as unmodelled lens distortion, 

refraction effects, errors in the calibrated camera interior orientation parame- 

t ers, over-parameterization or neglected dependencies between parame ters, et c: 

and 

a Gross errors, which may be viewed as rather pathalogical cases, may be of 

any magnitude, and generally affect only a small percentage of the observa- 

tions (perhaps even only one). Typical examples include point identification 

and labelling errors, gross measurement errors, classification errors, point mis- 

matching, etc. 

Random errors are generally limited to a small range, are highly uncorreiated 

(random), and may be accommodated by the stochastic model of the observation 

process. Systematic errors generally cause a bias in the model, and are usually ac- 

counted for through appropriate modelling of the observation process, and/or the in- 

corporation of additional parameters modelling their effect into the functional model. 

Gross errors are of greatest concern, since they generally cannot be modelled and, in 

the case of conventional least squares, if undetected, may cause varying (and possibly 

unknown!) levels of bias in the estimated parameters. 

Since digital images are contaminated by noise, automated feature extraction and 

matching techniques may commit the following gross errors: ( cf. Fischler and Bolles, 

1981): 

a classification errors, when the feature detector incorrectly identifies a port ion 

of an image as  the occurence of a feature; 



measurement errors, when the feature detector correctly identifies a feature, but 

miscalculates its at tributes (e.g., image coordinates) by some amount; and, 

point mismatches, whereby feature points correponding to different (and pos- 

sibly spurious) 3D features are placed into correspondence. 

Although stringent constraints have been applied in the matching phase in an 

attempt to ensure local and global consistency and hence the elimination of outliers. 

even at the risk of rejecting 'good' observations, it is generally not possible to elimi- 

nate all blunders at the matching stage. However, explicit detection and elimination 

of blunders during the estimation of updated parameter values is a complex process, 

and has not been addressed in this research, which leaves the strategy vulnerable to 

the contaminating effects of gross errors, of any size. 

It is worth noting that, based on existing, accepted strategies for blunder detec- 

tion (see Forstner, 1985, for example), the imaging geometry and low redundancy 

in this application are likely to make the reliable detection and elimination of all 

blunders a challenging task indeed, but one requiring attention nonetheless. 

6.5 Iteration 

The mechanics of iteratively estimating the exterior orientation parameters of images 

along the stereo image sequence have already been outiined in Section 5.1.5. .As 

previously described, following the updating of the parameters at epoch t + 1, based 

on the known parameters at epoch t, the procedure iterates as follows: epoch t + 1 

becomes the 'current' epoch, the exterior orientation parameters of which are now 

known (albeit relative to epoch t), and epoch t + 2 becomes the 'following' epoch (to 



be estimated). The next iteration follows the procedure as described in detail in this 

chapter, with the addition of one step. After the extraction of feature points from 

the images in the new epoch, any features corresponding to those already tracked 

from the previous epoch (within a threshold distance of 2-3 pixels) are suppressed 

before attempting stereo image matching. 

It is obviously highly desirable that features be tracked across several epochs. 

as this generally leads to a stronger geometric solution. For this reason, previousiy 

tracked features are re-tracked along with newly extracted features. 

Nevertheless, there is a trade-off between the tracking distance (number of epochs)? 

and matching/ tracking accuracy. For any given feature, the viewing perspective may 

change considerably between epochs, due to the distance travelled by the platform 

at each epoch (approximately 6-10 metres); this gives rise to geometric differences 

between different views of the same feature. 

Since features are only ever matched across adjacent epochs (between b and t + 1: 

then later between t + 1 and t + 2) this appears not to cause difficulties: the matching 

algorithm is never asked to cope with unreasonably large geometric differences be- 

tween features (as may occur between a feature appearing in epochs t and t + 4, for 

example). This approach appears reasonable. However. since features may appear 

quite different (and in considerably more detail!) in later epochs, the extracted fea- 

tures may in fact, not correspond to quite the same point in object space. If this is 

not detected in the matching phase, that is, these points are still matched as conju- 

gates and placed into correspondence, this may have rat her subtle degrading effects 

on the results. This is the so-called Type 11 error. A natural suggestion may be to 

match features across images in all epochs in which they appear. This, too, is not 



without problems, and requires a far more sophisticated image matching algorithm 

to accommodate these effects. 



Chapter 7 

Analysis and discussion of results 

This chapter addresses the fourth research objective, and seeks to test the research 

hypothesis, namely! that the threedimensional motion parameters of the VISAT 

system may be estimated from the sequence of timevarying imagery. (See Section 

1.5 for a detailed description of the research hypothesis, and the research objectives.) 

The strategy outlined in Chapters 5 and 6 has been implemented using the C++ 

programming language, and tested in a variety of scenarios using real VISAT imagery. 

The tests aim to assess the effectiveness of the strategy for bridging outages in the 

trajectory using real data, identify shortcomings of the approach, and gain insight 

into areas warranting further investigation in the future. 

Following a brief description of the test data sets, results are presented for the 

following scenarios: 

1. a single unknown epoch, preceded by a single known epoch; 

2. a single unknown epoch, preceded and followed by, single known epod~s: 

3. a longer image sequence, comprising several unknown epochs, preceded arid 

followed by known epochs. 

*4lthough many combinations of test scenarios are possible, these scenarios have 

been selected in order to characterise the general performance of the strategy using 

real imagery. 



The first scenario (item 1) represents the simplest case, where the georeferencing 

of a single image set at the end of a known sequence has failed. This scenario also 

represents what may be considered a 'single iteration' of the bridging process, and 

hence it is constructive to examine these results in some detail. The second scenario 

(item 2) is only a slight extension of the first, where the georeferencing of a single 

image has failed at some intermediate image set in the sequence. The remaining test 

scenario (item 3) represents the more complicated (and demanding!) case, where 

possibly several intermediate images in a sequence are not georeferenced. 

In each case, the results will be evaluated and assessed based upon the following 

three criteria computed during the final triangulation solution: 

a residuals of the image measurements, 

a estimated exterior orientation (theoretical) precision, and 

a estimated exterior orientation (empirical) accuracy. 

7.1 Description of the test data 

The tests have been conducted using georeferenced imagery captured during testing 

of the VISAT prototype system. In particular, two data sets have been used; these 

data sets were captured in the cities of Laval and Quebec City, in the Province of 

Quebec. 

The data set captured in Quebec City contains scenes of urban highways, while 

the Laval data set was captured mostly on suburban streets. The data sets exhibit 

quite different lighting conditions, with the QuCbec data set having been captured in 



good lighting conditions, and the Laval set in relatively poorer lighting conditions, 

late in the day. The distance traveled by the camera platform between epochs is 

approximately 8 metres. 

The VISAT system at the time the imagery was captured was configured with 

three cameras: two forward-facing cameras forming a single stereo pair, and one side- 

looking camera. The approach developed in this research currently operates only on 

a single stereo pair, and hence the imagery captured by the third (side-looking) 

camera has not been included in the tests. However, as mentioned and tested in the 

feasibility study described in Chapter 4, it is possible, in principle, to incorporate 

oblique and side-looking cameras into the algorithm. The parameters of the cameras 

forming the stereo coverage are provided in Appendix B. 

The image sequences are georeferenced, namely, the six position and orientation 

parameters at each exposure epoch have been previously determined from the post- 

processed GPS/INS data stream. In all test cases, these GPS/INS-derived values 

are used to represent the 'true values of the parameters ', thereby enabling a compar- 

ison between these values, and those derived from the bridging process. However, it 

should be borne in mind when assessing the results that the GPSfINS-derived po- 

sitions are not error-free, and are influenced to some extent by unavoidable sources 

of random and systematic error during georeferencing (see El-Sheimy, 1996a, for a 

complete discussion of these error sources, and the error budget associated with the 

georeferencing process). 

These data represent a good range of conditions and scene content, and allow valid 

conclusions to the research to be drawn, and insight into areas requiring additional 

research. These data have previously been used for testing and analysis in related 



research by Xin (1995), El-Sheimy (1996a), and Tao (1997). 

7.2 Test parameters 

Input parameters to all stages of the process, including feature extraction, stereo 

image matching, feature tracking, and the least squares triangulation solution, are 

tabulated in Appendix C. 

7.3 Scenario 1: Single unknown epoch, preceded by a single 

known epoch 

The tests in the first scenario estimate the position and orientation of a single un- 

known epoch relative to a known epoch. Therefore. no known epochs are included 

following the unknown epoch, and the bridged segment may be considered 'open- 

ended': that is, the end of the bridged segment is unconstrained. 

7.3.1 Extraction and matching results 

Table 7.1 provides the number of features points available at each stage of the alge 

rithrn. This allows insight into the role of each stage of the algorithm in the overall 

process. 

The large number of interest points extracted from the left and right images (714 

and 667 points, respectively) are shown, superimposed on the imagery, in Figure 7.1. 

The extracted points are shown, without the imagery, in Figure 7.4. The interest 

operator yields almost the same number of points in each image, although small 



differences in the number of points extracted are expected due to slightly different 

scene coverage and perspective views. 

The number of points is considerably reduced by the correlation-based matching 

step and the associated constraints, with 219 and 229 points surviving for the left and 

right images, respectively, or approximately 32% of the extracted points. The left- 

to-right consistency constraint further reduces the number of points to 169, followed 

by a relatively minor reduction to 164 points in the LSM stage. 

.kn additional 28 points are thresholded in the computation of the 3D coordinate 

values. due to large parallax, usually an indication of poor matching accuracy, or 

incorrect correspondence. The surviving points, 136 in total, are depicted in Figures 

7.2 and 7.5, and represent only 20% of those originally extracted; therefore, an 

additional 12% have been eliminated following the correlation-based matching. 

Table 7.1: Scenario 1 : Feature extraction, matching and tracking results 

Epoch 
to  

t 

I I Spatio-temporal consistency I 

Right Image 

55 

Both Images 1 

Correlation matching 

Processing St age 
Point extraction 
Correlation matching 
Left- t o-right consistency 
LSM 
3D coordinate computation 
Feature tracking (correlation) 
Feature tracking (LSM) 

59 

Left Image 
714 
219 

80 
78 

Left- to-right consistency I 
I I 36 I 

667 
1 1 

229 1 
- 

83 
81 

169 
164 
136 



Figure 7.1: Scenario 1: Extracted feature points - 
Figure 7.2: Scenario 1: Matched feature points 

Figure 7.3: Scenario I: Tracked feature points 
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Figure 7.5: Scenario 1: Matched feature points 
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Figure 7.6: Scenario 1: Tracked feature points 



7.3.2 Tracking results 

The back-projection and correlation-based temporal matching of computed 3D points 

results in 80 and 83 points tracked independently in the left and right images, r e  

spectively. LSM between images in the adjacent epochs further reduces the tracked 

point count in each image, and following the left-to-right consistency constraint at 

the unknown epoch, 56 matched points remain. X single additional point is elirrii- 

nated by the spatio-temporal consistency, resulting in 55 successfully tracked points 

between these epochs (and, therefore, common to all four images). This represents 

a mere 8% of the originally extracted points, and a 66% reduction from those points 

matched successfully in the previous epoch. The latter reduction may be attributed 

to occlusions, points falling outside of the image format, movement of objects in the 

scene, and ambiguity of point correspondence. 

The successfully tracked points are shown in Figures 7.3 and 7.6, with the lat- 

ter particularly highlighting the relatively poor and non-uniform point distribution, 

when considered from a geometric standpoint. The point distribution displays the 

same poor distribution pattern observed in the simulated data (see Figure 4.3). This 

distribution is a strong indication of the geometric strength (or rather, the lack 

thereof) of the epoch-to-epoch solution. 

7.3.3 Image velocity vectors 

The relative movement of the image points between epochs may be interpreted as an 

image point 'velocity map', in which the velocity vectors describe relative movement 

between the camera platform and objects in the scene. This movement may arise due 

to movement of the camera platform, 3D objects in the scene, or both. The latter 



case, by far the most complicated, is routinely encountered in the case of mobile 

mapping systems. 

The pattern of the velocity vectors, as depicted in Figure 7.7, is predominantly 

radial, caused by most points 'flowing' from the Focus of Expansion (FOE)' towards 

the edge of the image, due to the forward motion of the camera platform. Most 

vectors are also relatively short. and are centered around the image Focus of Expan- 

sion. In contrast, points in the image foreground undergo considerably larger relative 

movement, a s  reflected by the length of the vectors. This again illustrates the weak 

positioning geometry of the bridging problem: the concentration of image points 

in the area immediately surrounding the FOE results in poor motion recoverability 

in the direction of this axis (i.e., along-track). Indeed, in the case of a monocular 

image, points falling directly along the camera axis of translation cannot contribute 

geometrically to the detection or estimation of motion in the direction of the axis! 

7.3.4 Motion estimation (triangulation) results 

The observations and parameters participating in the triangulation solution for Sce- 

nario 1 are summarized in Table 7.2. As discussed in Section 6.4, the unified method 

of least squares is used, and the classification of input quantities as observation or 

parameter is based on the covariance, or relative weight matrix, of each quantity. In 

particular, the exterior orientation parameters of both images in the first epoch are 

considered 'known', while those in the second epoch are 'unknown'. However, the 

base components and relative orientation between the images at each epoch remain 

' The Focus of Expansion (FOE) is defined as the intersection of the camera axis of translation 
with the image plane, when the intersection occurs on the positive half of the camera axis: otherwise 
it is known as the Focus of Contraction(F0C). 
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Figure 7.7: Scenario 1: Image point velocity vectors 

known and constant: hence, the two complete sets of base and RO constraints. The 

relative weights of all quantities in the adjustment are contained in Appendix C. 

/ Base component constraints 1 2 1 6 I 
/ RO constraints 1 2 1  6 I 

I 

No. of observations ' 

12 
0 bservation type 
Georeferenced exposure st at ions 

Quantity 
2 

Image points 
I Parameter type 

Unknown exposure stations 

Table 7.2: Scenario 1: Triangulation observations/parameters 

[ Unknown ground (tie) points 

382 
Quantity 

2 
136 I 408 

764 
No. of parameters 

12 



7.3.4.1 Residuals of the image measurements 

The following general observations may be made regarding the residuals, which are 

summarized in Table 7.3. Smaller residuals generally occur on points that appear in 

images from a singie epoch, that is, points that are not tracked to the second epoch. 

In contrast, larger residuals typically occur on points that have been tracked between 

images of different epochs. This may be attributed to the following: matching of 

Table 7.3: Scenario 1: RMS of image measurement residuals 

2 

I Test No. I No. of points 

I I Y 
I 

1- 1 

points within a stereo pair is highly constrained, while matching between epochs is 

hlaximurn 
5 Y 

only loosely constrained, and suffers from a considerable ambiguity. In particular, 

objects in the scene may move between epochs, although the relative movement may 

be too small to be detected. Cases such as these, if undetected, inflate the residuals 

and degrade the triangulation results. 

The RMS of image measurement residuals in the x and y axes is 0.473 and 0.421, 

respectively, indicating moderate overall matching accuracy. The histogram of inl- 

age rneasurernent residuals, given in Figure 7.8, shows that the residuals are, in 

general, well-distributed. However, the larger residuals corresponding to the mini- 

mum/maximum values in Table 7.3 are viewed with some concern. Formal statistical 

testing would be required to determine if these measurements are, in fact, outliers, 

and the RMS values would likely improve further with the removal of any detected 

outliers. 

(pixels) 
382 I -5.728 (-1.797 

(pixels) (pixels) 
3.180 1 1.565 , 0.473 10.421 
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Figure 7.8: Scenario I: Histogram of image measurement residuals 

.4 check for systematic trends in the image measurement residuals is Facilitated 

by plotting each residual vector in the correct image location, as depicted in Fig- 

ures 7.9 and 7.10. The majority of the residual vectors are uniformly small, with 

little systematic pattern. However, as shown in the diagram, there are several larger 

residuals, undoubtedly due to poor matching and/or tracking accuracy or incorrect 

correspondence, in either the stereo correspondence and/or the temporal correspon- 

dence stages. Possible causes of these occurrences have previously been discussed in 

Sections 6.2.1.3 and 6.3.3. 

7.3.4.2 Exterior orientation precision 

The precision of the estimated exterior orientation parameters, given in Table 7.4, is 

derived from the inverted normal equations and represent the theoretical precision 

of the parameters. These values reflect the propagation of the (assumed) stochastic 



Left image Right image 

O o  0 
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properties of the observational input data to the estimated unknown parameters, 

mapped through the design matrix. The triangulation solution yields relatively high 

I Test No. ( Image ( ax OY az I 00 0 4  0, I 

Table 7.4: Scenario I: Precision of estimated exterior orientation parameters 

1-1 

precision of approximately 0.066 metres in the X and Y components, 0.053 metres 

in the Z component, and approximately 0.0412 degrees (or 2.5 arcminutes) for all 

1 

angular components. The values for the precision of both the adjusted position and 

orientation parameters are, in fact, less (better) than the input standard deviations 

(metres) 
0.067 0.065 0.053 

of the 'known' images from the first epoch. This apparent improvement in precision, 

(degrees) 
0.0412 0.0413 0.0411 

and the high consistency of the estimated values, is readily explained by both the 

accuracy and effectiveness of the relative orientation and base component constraints 

at both epochs. This 'improvement' in the estimated precision is also consistent with 

the findings of the feasibility study of Chapter 4. 

The results derived using real data are of similar magnitude to those of the 

feasibility study (see Figure -4.2 in Appendix A) in the case of the position, and 

rnargirldly worse in the case of the orientation angles. It should be borne in mind, 

however, when directly comparing these quantities, that in the case of the feasibility 

study, simulated tie point locations were used, and the inter-epoch distance in the 

case of the feasibility study was considerably larger, at 15 metres. 

It is also interesting to note that the precision is homogeneous in the X and I.' 

direct ions, while the feasibility studies revealed a considerable difference in precision 



between the 'along-track' and 'acrosstrack' components. However, a vehicle head- 

ing of approximately 40 degrees between these epochs accounts for this apparent 

homogeneity in parameter precision. 

7.3.4.3 Exterior orientation accuracy 

The photogrammet ric accuracy of the estimated exterior orientation parameters is 

most reliably assessed by comparison of the estimated values with 'known' values 

determined by some independent means. This technique is commonly used in pho- 

t ogrammetric triangulation to obtain a realistic, albeit empirical, assessment of the 

solution accuracy. As previously mentioned, the exterior orientation parameters es- 

timated from the GPS/INS data prove useful in this regard. 

The (empirical) accuracy of the estimated exterior parameters, presented in Table 

7.5, is considerably worse than the estimated parameter precision, for both positional 

and orientation parameters. Furthermore, the accuracy of the X component (0.250 

metres) is also considerably worse than the Y component (0.120 metres) , although 

both are estimated with similar theoretical precision. The accuracy of the Z compo- 

nent (0.026 metres) is better than the X and Y components, and consistent with the 

precision estimates. This may be explained by the image rays lying predorminantly 

in the XY-plane in object space, resulting in stronger geometry in the 2-component. 

The accuracy of the orientation angles appears relatively poor in all components 

(up to 0.1734 degrees or approximately 10.5 arcminutes). Interestingly, the errors in 

the n angles of the left and right images are of opposite sign; this may be due to poor 

or incorrect feature tracking, resulting in a 'skewing' effect about the optical axis of 

each image. This discrepancy between theoretical and empirical accuracy is not 



Table 7.5: Scenario 1: Accuracy of estimated exterior orientation parameters 

121 

uncommon in photogammetry, and may be caused by a number of factors; however, 

in this case, it is almost certainly due to the combination of poor geometry and 

undetected outliers in the image measurements. These issues are further discussed. 

in more general terms pertaining to all results, in Section 7.6. 

TestNo. 

1- 1 
1- 1 

t 

7.3.5 Additional tests of this configuration 

Additional tests utilizing this confi y ra t ion  have been conducted to assess the repeat- 

ibility of the algorithm on different images, and the results of the final triangulation 

solution in each case are presented. Figure 7.11 presents the RMS values of the im- 

age measurement residuals for each triangulation solution: the values range between 

0.254 and 0.766 pixels, but are centered at  approximately 0.45 pixels. 

The precision of the positional and orientation angles for all tests conducted 

using this configuration are shown graphically in Figure 7.12. The precision of the 

X and Y components range between 0.067 and 0.137 metres, while the precision of 

the Z component is consistent at approximately 0.054 metres. The precision of the 

S component also appears to be consistently worse than the Y component. The 

precision of the orientation angles, w ,  4, and n, is approximately 0.042 degrees (2.5 

arcminutes), and is extremely consistent for all tests, although the precision of the 

4 angle is marginally worse than the remaining angular components in some cases. 

In comparison to the results of the feasibility study, the precision estimates from 

CJ 4 K 

( deliFees 
0.1734 0.1194 -0.1194 
0.1703 0.1218 0.0005 

Image 

1 
2 

X Y Z 
(metres) 

0.250 0.120 0.026 
0.249 0.123 0.027 
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Figure 7.11: Scenario 1: RMS of image measurement residuals of all tests 

the tests using real data once again appear marginally worse than those derived using 

simulated data. 

Similarly, the empirical accuracies of the exterior orientation components for all 

tests are depicted in Figure 7.13. There are large variations in the accuracy estimates. 

both within each parameter and across all tests. 

The X , Y  accuracy estimates range between 0.014 and 1.393 metres. np to 20 

times worse than the theoretical precision, while the Z accuracy values reach 0.105 

metres in magnitude, up to double the theoretical precision. There is a distinct 

positive bias, particularly in the case of the X and Y components, most likely due 

to the narrow, forward-facing imaging geometry. The accuracy estimates for each of 

the left and right images at  each epoch are also highly consistent, most likely due to 



1 3 4 5 6 7 9  

Tcst number 

Figure 7.12: Scenario 1: Precision of estimated exterior orientation parameters 
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Figure 7.13: Scenario 1: Accuracy of estimated exterior orientation parameters 



the strength of the base component constraints. 

In the case of the orientation angles, the accuracy estimates range between 0.0005 

and 0.3289 degrees (2 arcseconds to nearly 20 arcminutes!), and up to nearly 8 

times worse than the estimated precision. There is also some variability between the 

accuracy estimates of the angular parameters of the left and right images at each 

epoch. This may be due to slightly lower relative weighting of the RO constraints2. 

7.3.6 Summary of scenario 1 test results 

The first series of tests has examined the results of each stage of the bridging alg* 

rithm in some detail. The overall effectiveness of the spatial (stereo) and temporal 

(motion) correspondence approaches has been illustrated. The theoretical precision 

estimates yielded are fairly consistent with the findings of the feasibility study: how- 

ever, the empirical accuracy estimates vary considerably, exhibiting somewhat un- 

predictable behaviour, and are often many times worse than the theoretical precision 

estimates. 

7.4 Scenario 2: Single unknown epoch, preceded and fol- 

lowed by single known epochs 

The second series of tests conducted represents a simple extension of the first test 

case. In this case, a known georeferenced image is included after the unknown image, 

which is, therefore, 'bracketed' by known images. These tests were executed with 

identical parameters in d l  cases, to assess the influence of an additional known image 

lweighting the relative orientation constraints too highly resulted in convergence problems for 
the triangulation solution in some cases, and a more moderate weighting strategy was adopted. 



const raining the solution. 

7.4.1 Motion estimation (triangulation) results 

The observations and parameters participating in the triangulation solution For Sce- 

nario 2 are summarized in Table 7.6. The addition of the third image into the 

solution has resulted in an increase in the number of object points and image points, 

from 136 to 204 object points, and from 382 to 620 images points. This represents 

an increase of approximately 50% and 62%, respectively. 

0 bservation type I Quantity I No. of observations 

Table 7.6: Scenario 2: Triangulation observations/pararneters 

' 

L 
- 

7.4.1.1 Image point geometry 

.4n important factor influencing the strength and accuracy of multi-station p h c ~  

togrammetric triangulation is the number of rays intersecting at each object (ground) 

point. Greater numbers of intersecting rays typically lead to more favourable imag- 

ing geometry, and higher redundancy, precision, accuracy and reliability. While in 

the case of VISAT, additional rays do not provide a substantial absolute increase 

of the convergence angle, it is argued that the relative increase is significant, and, 

Parameter type 
Unknown exposure stations 
Unknown ground (tie) points 

hence, multi-ray points are still highly desirable. 

24 I Georeferenced exposure stations 

Quantity 
2 

204 

4 

No. of parameters 
12 

612 1 

Base component constraints 
! RO constraints 
I Image points 

3 9 
9 

620 ) 1240 



The number of rays per ground point is summarized in Figure 7.14, and it is 

encouraging to note that the tracking algorithm between the second and third epochs 

appears to have performed at least as well as between the first and second epochs. 

Number of intcrsccting rays 

Figure 7.14: Scenario 2: Histogram of intersecting rays on ground points 

7.4.1.2 Residuals of the image measurements 

In spite of the large increase in the number of image points, and the presence of a 

considerable number of 6-ray (3-epoch) points, the minimum, maximum and RMS 

of the image irleasurement residuals, shown in Table 7.7 agree closely with those of 

scenario 1 (see Table 7.3). Once again, the RMS values of 0.173 and 0.497 in I 

and y, respectively, indicate moderate matching accuracy, although the presence of 

possible outliers is again indicated by the minimum and maximum values. These 

are, once again, most likely due to unresolved ambiguity during inter-epoch tracking 

and matching. 



I Test No. No. of points I Minimum I Maximum 1 Rills 

Table 7.7: Scenario 2: RMS of image measurement residuals 

2- 1 

7.4.1.3 Exterior orientation precision 

The theoretical precision of the estimated exterior orientation parameters for scenario 

620 

2, provided in Table 7.8, illustrates the benefit of the known epoch following the 

unknown epoch: the precision of the positional parameters shows an improvenlent of 

(pixels) 
-5.671 1 -2.275 

approximately 36%, to 0.043,0.041 and 0.038 metres for the X ,  Y and Z components, 

respectively, while the orientation parameters improve by 70 85% to 0.0064, 0.0125 

(pixels) 
3.257 1 1.462 

and 0.0064 degrees (or 23, 45 and 23 arcseconds), respectively. Once again, the 

(pixels) 
0.473 ( 0.497 

positive effect of the relative orientation and base component constraints is evident. 

I Test No. I Image X Y Z I ut 4 1 

Table 7.8: Scenario 2: Precision of estimated exterior orientation parameters 

I 

2- 1 
2- 1 

The precision estimates of the positional parameters, as in the first scenario, 

exhibit excellent homogeneity in all components. In the case of the orientation pa- 

l 
2 

rameters, the precision of the # angle (which roughly corresponds to the convergence 

angle between the images) is slightly worse than the precision of the remaining an- 

(metres) 
0.043 0.041 0.038 
0.043 0.041 0.038 

gles, probably due to the rather narrow bundle of rays. In this case, however, the 

(degrees) 
1 

0.0064 0.0122 0.0074 
0.0064 0.0128 0.0056 

values are at least comparable to, and in some cases better than, the values obtained 



during the feasibility study (see Figure A.4 in Appendix A). 

7.4.1.4 Exterior orientation accuracy 

The (empirical) accuracy values of the estimated exterior parameters, presented in 

Table 7.9, also show considerable improvement over the unconstrained case, as would 

be expected. In this case, however, it is the accuracy of the Y component that is 

worse than the S component. i t  can only be assumed that the additional constraints 

exert more influence in the latter component, for this particular case. The S and 

I I Test No. I Image ,Y Y Z 1 LJ 4 1 

Table 7.9: Scenario 2: Accuracy of estimated exterior orientation parameters 

, 2-1 

Z values (approximately 0.03 and 0.02 metres, respectively), in this case, approach 

the theoretical precision, which is pleasing to observe. The t' component (0.133 

metres), however, is still considerably worse than the theoretical precision, although 

it is approaching an acceptable level. 

7.4.2 Additional tests of this configuration 

1 

As in the case of scenario 1, additional tests utilizing this configuration have been 

conducted to assess the repeatibility of the algorithm. 

Figure 7.15 presents the KMS values of the image measurement residuals from 

each triangulation solution; the values range between 0.429 and 2.123 pixels. How- 

ever, examination of the detailed triangulation report yielding the latter value re- 

vealed several residuals on image points corresponding to a single object point of 

(metres) (degrees) 
0.028 0.130 -0.008 1 0.0218 0.0781 -0.0743 



approximately 20 pixels. This is obviously a blunder, caused by incorrect temporal 

correspondence, and would likely be detected and eliminated by most blunder detec- 

tion schemes. Apart from this blunder, the hVS values for these tests are centred 

at approximately 0.5 pixels, consistent with the previous tests. 

Figure 7.15: Scenario 2: RMS of image measurement residuals of all tests 

The estimated precision of the S and Y components is between 0.041 and 0.050 

metres, while the Z component is highly consistent at approximately 0.038 metres. 

As evidenced by Figure 7.16, this indicates a relatively high degree of homogeneity 

for all positional components, although the X component again displays slightly 

poorer precision than the Y component, but not to the same degree as observed 

earlier. 

The precision of the w and n angles range is also fairly consistent, ranging be- 



tween 0.0058 and 0.0077 degrees (21 and 28 arcseconds), with one test yielding an 

w precision of 0.0136 degees (49 arcseconds). The precision of the 6 angles are 

consistently worse than the remaining angles for all tests, at between approximately 

0.0100 to 0.0143 degees (36 to 50 arcseconds). 

The precision of the Z component agrees favourably with the results of the fea- 

sibility study. while the precision of the X and Y components are comparable, but 

slightly worse. The angular components all appear to yield better than expected 

precision, when compared to the feasibility study; however, as mentioned earlier, the 

inter-epoch distance is considerably less in the real data sets. 

.A more meaningful comparison lies in comparing the results of these tests with 

those of the previous tests (i.e., scenario 1): the X and Y precision values are up to 

twice as good, while the precision of the Z component is also improved. The w and 

n orientation angles undergo the greatest improvement (up to 6 times), while the rp 

angle improves by up to 3.5 times. 

Figure 7.17 depicts the empirical accuracies of the exterior orientation compo- 

riemts for all tests under this scenario. In this case, the accuracy values of the X 

arid k' components range between 0.028 and 0.543, while the Z component reaches 

a rnaxinium of 0.050 metres. The u and n angles range between 0.0028 and 0.1040 

degees (10 arcseconds and more than 6 arcminutes), while the 4 angle reaches a 

maximum of 0.1228 degrees (almost 7.5 arcminutes). However, there is little consis- 

tency. and no angular component is consistently worse than others. .4lso, there is 

again no consistency between angular accuracy estimates of the left and right images, 

as observed in earlier tests. 

The empirical accuracy values again do not meet theoretical expectations, with 
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Figure 7.16: Scenario 2: Precision of estimated exterior orient at ion parameters 
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Figure 7.17: Scenario 2: Accuracy of estimated exterior orientation parameters 



the accuracy of the X and Y components up to 12 times worse than the theoretical 

precision, the Z component up to 4 times worse, and the accuracies of the angular 

components all consistently worse than the estimated precision (up to 17 times in 

some cases). 

Notwithstanding this: the results are considerably improved from the tests in 

scenario 1 ? with the accuracy in all positional components undergoing improvenlents 

of up to a factor of 4. while the (theoretically) weaker t$ angle improves by 2 3 times. 

7.4.3 Summary of scenario 2 tests 

The tests in this scenario are a simple extension to those of scenario 1, whereby a 

known epoch is included following the unknown epoch. The tests have illustrated 

the benefit of this additional known epoch; the precision estimates are improved, 

and alrnost all are less than 0.05 metres. The empirical accuracy estimates also 

improved, both in magnitude and behaviour (although a positive bias is still present); 

all positional values are less than 0.5 metres, and most values are less than 0.2 

metres. The additional known epoch, or more generally, constraining both ends of 

the unknown segment, is clearly beneficial from both a precision and accuracy point 

of view. This is quite consistent with theoretical expectations. 

7.5 Scenario 3: Several unknown epochs, preceded and fol- 

lowed by known epochs 

The final series of tests simulates the situation most likely to be encountered in 

practical applications. While the first test scenarios yielded a manageable amount of 



data to be analyzed, thereby providing valuable insight into the individual steps of 

the algorithm, practical application of the bridging strategy will inevitably lead to 

the bridging of longer image sequences. This series of tests is an initial attempt at 

testing under these conditions. Based upon the results of the previous test scenar- 

ios, it appears that stability and accuracy problems may be encountered, and that 

further research and testing will be required to fully characterise and improve the 

performance of the approach. 

-4 trajectory segment of 6 unknown stereo image pairs (12 exposure stations), 

preceded by 2 georeferenced stereo image pairs (4 exposure stations) and followed 

by 2 georeferenced stereo image pairs (4 exposure stations) is used for the test. 

This yields a trajectory segment comprising 10 stereo pairs (or 20 images). Relative 

orientation and base component constraints are included for all stereo pairs, known 

and unknown, resulting in 10 of each constraint. 

7.5.1 Motion estimation (triangulation) results 

The triangulation of a longer sequence of stereo images results in a considerable in- 

crease in the number of observations and parameters participating in the solution! 

as evidenced by Table 7.10. The number of unknown paranieters participating is 

1851, along with 4404 observations. Each unknown exposure station contributes 

6 unknown parameters in the solution, while each ground point contributes 3 un- 

known parameters. The relative orientation and base component constraints each 

contribute 3 known parameters per constraint. The computational burden is signif- 

icantly increased, particularly in the derivation of theoretical precision estimates of 

the unknown parameters through the inversion of the least squares normal equations. 



Base component constraints 
RO constraints 
Image points 

0 bservation type 
Georeferenced exposure stations 

Table 7.10: Scenario 3: Triangulation observations/parameters 

Quantity ' No. of observations . 

- - I 

7.5.1.1 Image point geometry 

8 

Parameter type 
Unknown exposure stations 
Unknown ground (tie) points 

The first two test scenarios typically have an image point to ground point ratio of 

48 

2 3 times: when dealing with longer stereo sequences, this ratio increases to closer 

Quantity 
12 

577 

to 4 times. This indicates an increased number of multi-ray ground points. As 

No. of parameters 
72 

1731 

seen in Figure 7.18, there are 3 points that are tracked across d l  20 images (10 

epochs) in the sequence, and several that are tracked through more that 10 images 

( 3  epochs). While it is encouraging to observe, it should be borne in mind that 

points likely to be tracked through many images (say, 8 or more) typically occur 

at or near the Focus of Expansion; these points are generally a greater distance 

from the camera platform (often several hundred metres) and hence exhibit very 

stable tracking characteristics. The 'motion vectors' are small, since the image points 

undergo little movement between epochs, and the projection of the feature point in 

image space also undergoes little change in appearance from epoch to epoch. These 

properties make for relatively easy tracking of these points. 

However, as previously rncntioned in Section 7.3.3, it is unfortunate that the 

points that are most easily and reliably tracked typically contribute little, if anything, 



Number of intersecting rays 

Figure 7.18: Scenario 3: Histogram of intersecting rays on ground points 

geonletrically to the solution (expect possibly for determination of the Z component). 

7.5.1.2 Residuals of the image measurements 

In the case of longer image sequences, the increase in the number image points brings 

about a corresponding increase in the ItMS of the image measurement residuals. This 

is hardly surprising; perspective differences degrade the geometric accuracy of the 

image matching, and image points tracked across several images and/or epochs are 

more prone to these distortions as the viewing angle changes. Furthermore, the 

image matching suffers from a 'window background' effect, whereby the change in 

viewing position causes the image content in the area surrounding the extracted 

feature point to change. This degrades the accuracy of the match, and in certain 

cases, may cause matching to fail completely. All area-based matching methods 

suffer from this problem, to some degree. 

Although the minimum and maximum values are comparable to the previous 

cases, the overall RMS has been degraded to 0.839 and 0.772 in x and y, respec- 



tively. This merely indicates a proportional increase in the number of poor and/or 

ambiguous correspondence, that is, a greater number of possible marginal outliers. 

Test No. / No. of points I Minimum 1 Maximum 1 RMS 

Table 7.11: Scenario 3: R\lS of image measurement residuals 

3 

7.5.1.3 Exterior orientation precision 

The theoretical precision of all images in the triangulation solution? both known and 

unknown, is depicted in Figure 7.19. The epoch number along the independent (z) 

axis of the figure represents the distance, measured in epochs, from the start of the 

segment. 

The precision of the Z coordinate is fairly consistent a t  approximately 0.03 metres 

throughout the sequence, once again reflecting the strong geometry in this compo- 

nent. As previously mentioned, this may be attributed to image points tracked across 

many epochs, thereby constraining the geometry of the Z component. 

The ?i and Y components are correspondingly worse than the Z component, and 

increase from approximately 0.035 through 0.052 metres along the sequence. This 

degradation of precision along the sequence is to be expected, and is consistent with 

the findings of the feasibility study (see Chapter 4). The magnitudes of the precision 

estimates are also largely consistent with the feasibility study, when accounting for 

the shorter length of the bridged segment in this case. The dramatic improvement 

in precision a t  the end of the segment is the result of the known epochs constraining 

the solution in this area. 

2112 
(pixels) 

-5.903 I -2.834 
(pixels) 

6.394 I 7.029 
(pixels) 

0.839 1 0.772 
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Figure 7.19: Scenario 3: Precision of estimated exterior orientation parameters 



The precision estimates of the w and n orientation angles are also fairly consistent, 

ranging between 0.0038 to 0.0076 degrees (or 14 to 27 arcseconds) along the bridged 

segment. However, the precision of the 4 angle, as observed in previous tests, is 2 - 3 

times worse than the other components, ranging between 0.0088 and 0.0172 degrees 

(32 arcseconds to 1 arcminute). -4s previously noted, this angle corresponds to the 

convergence angle between the cameras, and is possibly most affected by the narrow 

angles of ray intersection on the object points. 

Interestingly, the precision of the 4 angle improves along the length of the seg- 

ment, quite contrary to heuristic and theoretical expectations. .-2 possible expla- 

nation for this lies in the fact that most multi-ray points occur just prior to the 

middle of the segment. the location coinciding with the improved precision of the 4 

angle. The relative improvement in the imaging geometry caused by higher occur- 

rence of rnulti-ray intersection, coupled with the relatively short unknown segrrlent 

constrained at both ends by known epochs, may account for this apparent anomaly. 

Overall, the estimated precision of the all parameters is excellent, and appears 

quite consistent with, and in some cases better than, expected values based on the 

results of the feasibility study discussed earlier. 

7.5.1.4 Exterior orientation accuracy 

The empirical accuracy of the estimated positional parameters, shown in Figure 7.20, 

exhibit a similar trend to the theoretical precision, although the trend is not quite 

as evident: the X and I.' accuracies degrade along the image sequence, while the 

accuracy of the Z component remains relatively more uniform. 

Although the global trend is similar, the empirical accuracy of the X and Y com- 



ponents are up to 10 times worse than the estimated precision, reaching a maximum 

value of approximately 0.5 metres in X and Y components at the penultimate un- 

known epoch in the sequence. The accuracy of the Y component of the final epoch 

in the sequence remains fairly constant at 0.47 metres, while the X component im- 

proves to approximately 0.25 metres: this is likely the positive result of the known 

epochs constraining the solution at the end of the sequence. as observed in earlier 

tests. The accuracy of the Z component ranges between 0.012 and 0.130 metres, up 

to 4 times worse than the theoretical precision. 

The accuracy values of the w and ri orientation components reach a maximunl 

value of 0.1166 degrees (7 arcminutes), corresponding to nearly 28 times worse than 

the theoretical precision. Similarly, the accuracy of the t$ angle degrades to 0.1595 

degrees (9.5 arcminutes) in one case. In all cases, however, most estimates are 

considerably better than these values. 

As previously observed, the estimated accuracy of the positional components of 

the left and right images are fairly consistent at each epoch. In contrast, the accuracy 

values of the angular components at each epoch exhibit considerable differences. As 

speculated earlier, this is likely the result of the lower relative weighting of the RO 

constraints. 

7.5.2 Summary of scenario 3 results 

This series of tests has illustrated the performance of the bridging algorithm on longer 

image sequences. As expected, the precision of the estimated parameters degrades 

along the image sequence, consistent with the finding of the feasibility study. The 

accuracy of the estimated parameters also degrades in this fashion, although the 
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Figure 7.20: Scenario 3: Accuracy of estimated exterior orientation parameters 



trend is not as evident. Also, as in previous tests, the empirical accuracy values are 

considerably worse than the estimated precision, in the case of all parameters. 

7.6 General discussion 

The consistency achieved in the estimated precision of the position and orientation 

parameters in all tests conducted is extremely encouraging. This indicates that, 

provided the observations do not deviate too much from the assumed functional and 

stochastic models, that reasonable results are possible. 

However, the empirical accuracy estimates typically are considerably worse than 

theoretical precision estimates. There also appears to be no discernible pat tern 

to the accuracy of the results, and the only parameter estimated with reasonable 

predictability is the Z value; the estimated accuracy of dl other parameters is rather 

erratic and unpredictable. 

It is speculated that this discrepancy between the estimated precision and accu- 

racy of the results is due to a combination of two factors. First, undetected outliers 

in the image measurements caused by poor matching accuracy, or worse? incorrect 

correspondence, cause considerable degadation of the results. In particular, the 

tracking of features between epochs is a complex process, the inherent ambiguity of 

which is difficult or impossible to resolve in many cases. Second, the unfavourable 

geometry of the positioning problem, that is, short focal length, small format CCD 

cameras, mounted with a narrow base, ccupled with an imaging environment in 

which large portions of the scene contain textureless, featureless areas, yields very 

narrow bundles of rays, with poor intersection angles. 



It is believed that the combination of these factors results in a geometrically 

'sensitive' situation, in which small perturbations in the input measurements (i .e.. 

the interest or image points) lead to large perturbations in the estimated parame- 

ters. This leads to an overall imaging geometry which is non-robust and prone to 

degradation. 

This in turn causes a degree of unpredictability of the results, which appears 

difficult to overcome. Automatic detection and elimination of blunders is suggested 

as a possible solution to this problem, to ensure conformance to the functional model 

by all observations. It  is noted, however, that successful blunder detection and 

elimination schemes often rely on high redundancy and strong network geometry, 

neither of which are present here to any large degree. Further research and testing 

would be required to investigate the effectiveness of these approaches. 

It is also observed that! at times, the accuracy of the solution appears correlated 

to some degree with the closeness of the predicted exterior orientation values at the 

unknown epochs to the 'true' values. This lends weight to the argument that overall 

geometry is a critical factor limiting the achievable accuracy. Although relatively 

high redundancy is present. the geometric configuration does not allow sufficient 

'adjustment' of the exposure stations from the initial estimates towards their 'true' 

position and orientation. 



Chapter 8 

Summary, conclusions and recommendations 

8.1 Summary 

Mobile mapping systems typically employ a combination of satellite (GPS), inertial 

(INS) and other sensors to provide the positional and attitude information required 

to georeference digital stereo imagery captured by the mapping platform. 

This research proposes an alternative, image-based strategy for the bridging of 

outages in the vehicle trajectory, whereby the three-dimensional motion parame- 

ters of the mobile-mapping system are estimated from the sequence of time-varying 

imagery. 

Chapter 4 details a feasibility study which investigates the characteristics of the 

error propagation in the estimation of the exterior orientation parameters ( X ,  Y, 2, 

J, 4. K )  of the exposure stations along an image sequence. The study was performed 

using simulated data which closely approximate the geometric imaging confi yration 

of the VISAT system. 

Chapters 5 and 6 outline the image-based bridging strategy that has been devel- 

oped as part of this research. The feature-based approach, which uses a combination 

of photogrammetry and computer vision principles for the automatic estimation of 

the vehicle trajectory parameters from the time-varying image sequence, is based 

on four primary steps: ( I)  extraction of candidate features from each image inde 

pendently; (2) establishment of spatial (stereo) correspondence of candidate features 



within each stereo pair; (3) establishment of temporal (motion) correspondence of 

candidate features between adjacent stereo pairs; and (4) determination of the pa- 

rameters of the subsequent image pair relative to the first. Geometric and heuristic 

constraints are used appropriately to constrain the automatic stereo imaging match- 

ing and feature tracking approaches, and a sequential estimation algorithm based on 

Givens transformations is used to update the sensor position and orientation at each 

epoch. The complete strategy has been implemented using the C++progamming 

language. 

Chapter 7 presents results of tests conducted using the strategy in conjunction 

with real VISAT imagery. A series of tests were performed; these range from the 

simplest scenario, which was analyzed in some detail to assess the effectiveness of 

each stage of the approach, to more complicated and demanding scenarios, which 

are more likely to be encountered in practice. Standard deviations derived from the 

inverted normal equations are used to assess the precision of the estimates, while 

the GPS/INS position and orientation data, derived from the georeferencing, are 

used as 'truth data' for an independent assessment of the accuracy of the derived 

parameters. 

The research objectives formulated in Chapter 1 have, therefore, successfully been 

met. 

8.2 Conclusions 

The following conclusions may be drawn from this research: 

1. the demonstrated strategy has been shown to be feasible, in terms of the prop- 



agated standard errors of the determined positional and angular components; 

2. based on simulated results, the accuracy of the bridging strategy depends pri- 

marily on the ability to control the propagation of the along-track positioning 

error; 

3. relative orientation constraints contribute significantly in controlling the error 

propagat ion; 

4. the use of mu1 tiple cameras potentially represents a more complete approach! 

particularly since this improves the imaging geometry; 

5. the stereo matching strategy is effective, in large part due to the geometric and 

heuristic constraints which are incorporated; 

6. the feature tracking approach performs well, but depends to a large extent on 

the prediction of the sensor position and orientation at the unknown epoch: 

7 .  errors in the both stereo and temporal correspondence stages are difficult to 

eliminate completely, even with geometric and heuristic constraints; 

8. the theoretical precision of the estimated parameters display a trend consistent 

with the results of the feasibility study; 

9. the empirical accuracy of the estimated parameters, assessed through compar- 

ison with the GPS/INS-derived values, is generally several times worse than 

the estimated precision, and unpredictable; 

10. the degraded accuracy seems to be due to poor and/or incorrect point corre- 

spondence; 



11. complete automation of the strategy appears feasible, provided that an effective 

blunder detection scheme can be incorporated. 

8.3 Recommendations 

The promising results that have been achieved have demonstrated the overall effec- 

tiveness of the strategy. The following items are recommended as topics for future 

research and investigation, to further improve the accuracy and reliability of the 

results: 

incorporation of higher level primitives, such as straight edges, into the strat- 

egy; 

investigation of a probabilistic approach to the stereo matching, so that points 

are not eliminated prernat urely; 

investigation of matching schemes that deal more explicitly with perspective 

and geometric differences between images: 

use of a more sophisticated scheme, such as Kalman filtering, for example, for 

the prediction of image position and orientation at  unknown epochs: 

a utilization of the length and direction of the image point velocity vectors as an 

aid to rejecting points that have been tracked incorrectly; 

incorporation of an approach which preserves inconsistent features in the tem- 

poral correspondence analysis, rather than eliminating them completely, so 

that correspondence may be re-attempted later in the process; 



use of hierarchical techniques; 

use of an iterative refinement scheme during the temporal consistency analysis, 

whereby the 'best' points are initially used to determine updated position and 

orientat ion parameters, which may then allow additional 'weaker' points to be 

tracked; 

incorporation of automatic gross error detection and elimination into the bun- 

dle adjustment; 

further testing with additional sets of imagery; 

investigation of complete GPS/INS/imaging integration within the general 

Kalman filtering framework, allowing the relative information provided by the 

imaging component to be incorporated into the optimal estimation of the navi- 

gation parameters at every epoch, would lead to a true multi-sensor navigation 

system; and 

a manual intervention by a human operator to initialize the process, or to in- 

teractively add points in appropriate locations so as to improve the geometric 

strength and quality of the solution. 

This research contributes to the development of mobile mapping systems that 

are more robust in the adverse operational conditions typically encountered. In the 

future, we may expect to see the imaging component further integrated into the 

vehicle navigation system, providing more accurate and reliable positioning of the 

platform. 
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Appendix A 

Feasibility study results 

.4 feasibility study was conducted in order to verify the validity of the proposed 

strategy. from a mathematical and algorithmic point of view. The motivation for 

the study? the experimental protocol, the details of the specific simulations, and 

detailed discussion of the results are provided in Chapter 4. This appendix presents 

the results in graphical form, to facilitate quick visual analysis. For each of ten cases. 

two graphs are presented, the first being the propagated positional (X, kr, and 2) 

standard deviations along the simulated mapping corridor, and the second being the 

propagated angular (w ,  #! and n) standard deviations along the simulated corridor- 

Tabulated results and accompanying discussion is contained in the above-mentioned 

chapter. if required. 
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Figure A. 1: Open-ended, Zcameras, without RO constraints 
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Figure A.2: Open-ended, 2-cameras, with RO constraints 
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Figure A.3: Constrained, 2-cameras, without RO constraints 
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Figure A.4: Constrained, 2-cameras, with RO constraints 
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Figure A.5: Constrained, 2-cameras, with RO constraints and distance constraints 
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Figure A.6: Constrained, 2-cameras, with RO constraints and known EO angles 
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Figure A. 7: Open-ended. Ccameras, with RO constraints 
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Figure A.8: Constrained, Pcameras, with RO constraints 
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Figure -4.9: Constrained, Ccameras, with RO constraints and distance constraints 
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Figure A. 10: Constrained, 4-cameras, with RO constraints and known EO angles 



Appendix B 

Test data imagelearnera parameters 

The interior orientation parameters of the two forward-facing cameras for the test 

data are presented in Table B. 1. while the relative orientation parameters between 

these cameras are presented in Table B.2. The parameters were determined through 

the calibration techniques detailed by El-Sheimy (1 996a). 

Parameter Name Symbol 
Image width 
Image height 
Focal length 

I Principal point x-coordinate / z, I Principal point y-coordinate I y, 
Scale factor i k y  
Radial lens coefficient 
Radial lens coefficient 
Radial lens coefficient 
Decent ring lens coefficient 

I Decent ring lens coefficient 

Table B. 1 : Camera interior orientation parameters 

Left Camera Right Camera 
512 

68 1.648 679.666 
247.431 1 244.824 

p2 

247,431 
- 1.2274 
-2.53850000E07 

Table 8.2: Camera relative orientation parameters 

222.485 
- 1 -3,278 
-3.793730OOE-07 

Left -t Right 
2.0067 metres 
0.0344 metres 

-0.0241 metres 
-0.950268 degrees 
- 1.426168 degrees 
-0.691 614 degrees 

Parameter Name 
Base component constraint 
Base component constraint 
Base component constraint 
Relative orientation constraint 
Relative orientation constraint 
Relative orientation constraint 

I 
-1.62462500E- 12 1 2.53625000E-12 

Symbol 
b z l z  
bylz 
bzlz 

Aw12 
Adl2 
An 

2.57531250E-17 
1.93102500E06 

-1.77007500E-07 

-1.27548438E-17 
8.19950000EO'i 

. 1.20190000E-06 



Test parameter settings 

All tests have been executed with a consistent set of parameters, to ensure that 

comparisons made between results of different tests are meaningful. The parameter 

settings are provided in the tables that follow. 

C.l Interest operator 

The settings used in the feature point extraction phase are depicted in Table C.I. 

These settiilgs were found to yield good results on a range of imagery tested, including 

both urban scenes, and relatively sparse suburban and highway scenes. 

I Non-maxima suppression size (Phase 1) 1 3 / 

Parameter rlarne 
Gradient operator 

I Box filter size 

Non-maxima suppression size 
Roundness threshold 0.7 r 

Setting 
Roberts 

7 

Table C.l: Interest operator parameter settings 

Interest threshold multiplication factor 
Feature point classification 

/ Classification window size 

0.1 
ON 

7 
I Classification probability 1 68% 



C.2 Image matching and feature tracking 

Table C.2 contains the settings used in the image matching phases, including both 

the stereo image matching (within each epoch), and the feature tracking (epoch-to- 

epoch). The selection of these parameters has been motivated in Sections 6.2 and 

6.3 of Chapter 6. 

Table C.2: Image matching and feature tracking paranieter settings 

Unit 
pixels 
pixels 

pixels 
pixels 

pixels 

Parameter name I Setting 

Least squares matching window width 
Least squares matching window height 
Absolute parallax threshold 
Parallax- tedistance ratio threshold 
Tracking window size 

C.3 Least squares bundle adjustment 

Epipolar search constraint 
Disparity search constraint 
Correlation Algori t hrn 
Correlation window width 
Correlation window height 
Correlation coefficient 

'5 1 F)!:::: 11 
I 

0.003 

The following configuration was used for the least squares bundle adjustment in the 

estimation of the position and orientation information of the images in the unknown 

epochs. 

3 
271 

Weighted 
15 
11 

0.65 
Significant maximum threshold I 0.15 



Known image orientation 
Unknown image position 

r 

0.058 degrees 
1.5 1 metres 1 

0 bservation Name 
Image measurements 

I Known image position 

/ Unknown image position I 1 0.5 I metres / 

SymboI(s) 
z ,;y 

S,Y ,Z  

Table C.3: Bundle adjustment configuration 

I Unknown image orientation / w, 4,n 
Relative orientation comstraints 1 Aw, A#, An 
Base component constraint / AX, AY, AZ 

Std. deviation 
0.3 

2.0 I 

0.004 

Units 1 
0.075 / metres i 




