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ABSTRACT

Determination of relative three-dimensional (3-D) position, orientation, and rela

tive motion between two reference frames is an important problem in robotic guidance,

manipulation, and assembly as well as in other fields such as photogrammetry. A solution

to this problem that uses two-dimensional (2-D), intensity images from a single camera

is desirable for real-time applications. Where the object geometry is unknown, the esti

mation of structure is also required. A single camera is advantageous because a standard

video camera is low in cost, setup and calibration are simple, physical space requirements

are small, reliability is high, and low-cost hardware is available for digitizing and processing

the images. A difficulty in performing this measurement is the process of projecting 3-D

object features to 2-D images, a nonlinear transformation. Noise is present in the form of

perturbations to the assumed process dynamics, imperfections in system modeling, and

errors in the feature locations extracted from the 2-D images. This dissertation presents

solutions to the remote measurement problem for a dynamic system given a sequence of

2-D intensity images of an object where feature positions of the object are known relative

to a base reference frame and where the feature positions are unknown relative to a base

reference frame. The 3-D transformation is modeled as a nonlinear stochastic system

with the state estimate providing six degree-of-freedom motion and position values. The

stochastic model uses the iterated extended Kalman filter as an estimator and as a screw

representation of the 3-D transformation based on dual quaternions. Dual quaternions

provide a means to represent both rotation and translation in a unified notation. The

method has been implemented and tested with both simulated and actual experimental

data. Simulation results are provided along with comparisons to a point-based method

using rotation and translation to show the relative advantages of the proposed method.

Experimental test results using a camera mounted on the end effector of a robot arm to

demonstrate relative motion and position control are also presented.
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Chapter 1

Introduction

1.1 Problem Statement

Estimation of relative three-dimensional (3-D) position and orientation (pose) and

structure as well as relative motion between two reference frames is an important problem

in robotic guidance, manipulation, and assembly as well as in other areas such as pho-

togrammetry, tracking, object recognition, and camera calibration. Pose is defined for an

object in 3-D cartesian space consisting of an object reference frame and a base reference

frame. The pose with respect to the base frame comprises the three position coordinates

of the object reference frame origin and the three orientation angles of the object frame.

Remote estimation of the relative pose and motion of a 3—D object without physically

touching the object or without human intervention is the fundamental problem examined

here. For example, an autonomous robot that moves along a path may need to determine

its position relative to an obstacle. Similarly, a mechanical hand grasping a moving object

requires that the gripper motion be matched to the object and then placed at the correct

position and orientation. Automated spacecraft docking requires the measurement of pose

relative to the docking port. The pose can be expressed relative to the sensing element

frame or with respect to the base frame.

This pose estimation or determination problem has been a subject of considerable

research for many years in computer vision, photogrammetry, and robotics with many

solutions having been proposed. The methods available axe generally deterministic and

use single-vision cameras, stereo-vision cameras, or more direct 3-D measuring techniques



such as range images from laser, ultrasonic, and structured lighting devices. Two general

classifications of sensors can be made: active and passive. Active devices (e.g., laser

range finders) are those which emit energy and sense its refiection to determine the sensor

response, while passive devices such as video cameras sense the natural or background

energy (e.g., visible light or infrared) reflected off an object. This distinction is important

in an application such as a battlefield environment, where a sensor that emits energy

could be detected by enemy smveillance. However, relying on background energy alone

may be insufficient in providing a good signal-to-noise ratio for featme detection and

object recognition. Poor visibility caused by fog, smoke, or rain can produce images that

are highly variable in quality with difficult to recognize features. Noise considerations,

therefore, must be taJcen into account to a much greater extent than would be the case

in a laboratory environment where illumination can be easily controlled. Even in a well-

controlled setting, sensor noise must be considered since intrinsic sources can introduce a

substantial amount of measurement noise. Depending on the accuracy required for pose

measurement, this noise can either be ignored or the effects can be minimized. Generally,

the highest accuracy is needed for camera calibration while model matching or grasping

may permit larger errors in the estimate. Accuracy requirements vary for docking and

tracking applications.

The general problem developed here is to locate an object and measure its motion

in three dimensions based on three position coordinate parameters and three rotation

coordinate parameters either relative to an observer or with respect to a fixed-reference

frame. Figure 1.1 shows the basic problem with each reference frame and transformation

shown.

Known as the exterior orientation problem in photogrammetry [1], this question has

been addressed for photographs using a number of manual methods dating back to 1879

[2]. More recently, beginning in the 1960's, methods using computer vision techniques
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have been developed. Most measurement techniques for pose determination or estimation

are image-based and can be classified into two major categories. These categories are

point-based methods and model-based methods using higher-order geometric primitives.

Each type involves acquiring an image, either two-dimensional (2-D) or 3-D, and then

processing that image to arrive at a value for the pose. Noise effects may also be smalyzed

for either type. Specific techniques and applications that have been proposed are described

in Section 1.3.

The particular sensor used can determine the ultimate accuracy achieved. The

precise layout of the elements in the sensing charge coupled device (CCD) array along

with the use of low distortion lenses gives low geometric distortion for CCD imaging

cameras. Calibration for lens distortion can reduce the error still further. Feature detection

and extraction software can then locate an object's feature in 2-D spatial coordinates

to subpixel accuracy provided the signal-to-noise ratio is high. Noise and uncertainty

are present due to the response nonuniformity of the individual CCD pixels along with

photon and thermal noise. Laser range finders likewise have uncertainty in both range as

well as geometric location correspondence. The imaged scene also infiuences the accuracy

achieved. Extracting features from an object of low contrast with its surroundings is

not as straightforward nor as accurate as one with high contrast. To overcome some of

the limitations of natural objects, artificial markings may be placed on the object whose

position relative to the object is known. These markings can consist of a high-contrast

pattern that maximizes signal-to-noise ratio and optimizes a particular pose determination

algorithm.

Other factors to be considered for pose and motion determination are the compu

tational complexity and robustness of a method. The algorithm chosen may require a

large computational overhead due to an optimization solution technique requiring many

iterations. The choice of method usually involves a trade-off between accuracy and noise



rejection versus computation time. Robustness in this context is defined as the ability

of an algorithm to provide a result within a known error bound or to indicate that the

error condition cannot be met. Measurement data outside a known error bound relative

to a working model may be ignored or given low weight. Obtaining accurate results for

autonomous pose determination in everyday environments in which people operate with

ease is a difiicult problem and one that has not yet been fully solved. Variable conditions

such as lighting and visibility, along with the presence of noise firom various somces, are

principle difficulties that need to be examined. This work is an attempt to model these

uncertainties and imprecisions in such environments as applied to pose and motion esti

mation. The term estimation is used as opposed to determination since the modeling is

done in a statistical sense where estimated results are computed. Other methods may

determine the pose by directly calculating a set of equations or by calculating a least

squared error solution that does not model the noise or process stochastically.

1.2 Motivation

A solution to this problem that uses two 2-D intensity images from a single camera

is desirable in many instances where a priori geometric knowledge about an object in the

unknown reference frame is available. One direct application for this problem is in robotic

assembly and navigation. Figiue 1.2 shows in block diagram form how pose and motion

estimation could be applied in a robot arm feedback control loop. The diagram illustrates

the measurement of the pose and motion of a camera mounted on the end of a robot arm

with respect to an object of interest. This measurement is used as feedback for controlling

the position of the arm.

Use of a single camera is advantageous for the following reasons: a CCD video

camera is low in cost; setup and calibration is simple; physical space requirements are

small; reliability is high; and standard low-cost hardware is available for digitizing and
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Fig. 1.2. Block diagram of a robot arm feedback control loop showing an application for
pose and motion estimation. A camera mounted on the end effector of the robot arm is
used as the measurement sensor.

processing the images. The primary diiSficulty in performing this measurement is that

depth information is lost in the process of projecting 3-D object features to 2-D images,

a nonlinear transformation. Noise is also present in the form of perturbations to the

assumed process dynamics, imperfect system modeling, and feature locations extracted

from the 2-D images.

This dissertation presents a solution to the remote measurement problem for a

dynamic system given a sequence of 2-D intensity images of an object whose position

and orientation are known relative to a base reference frame. The 3-D transformation is

modeled as a nonlinear stochastic system with the state estimate providing the six degree-

of-freedom motion and position values. The stochastic model uses the iterated extended

Kalman filter (lEKF) as an estimator and a screw representation of the 3-D transfor

mation based on dual quaternions. Dual quaternions, whose elements are dual numbers,

provide a means to represent both rotation and translation in a unified notation. In the

following, prior related work is reviewed pertaining to general methods of autonomous



pose estimation and determination of 3-D objects and to methods that model noise as

part of the solution.

Previous solutions have used point-based image features in estimating the structure,

pose, and motion. This work, instead, uses image line features as measurement inputs for

the estimation. Line features are present in many scenes and objects to a greater extent

than point features. They may be more visible, as well, under a wider range of lighting and

environmental conditions than points. Also, straightforward techniques such as the Hough

transform and line fitting to edges are available to extract the lines from the images. For

these reasons, an approach was taken to develop the nonlinear estimation problem strictly

in terms of 3-D lines used to describe an object or scene and 2-D image lines as measured

quantities.

1.3 Related Work

This section provides a summary of previous work relating to noncontact position

and orientation measurement methods as described in the published literature. Existing

research shows a large number of position determination methods applicable to a variety of

applications. While not as numerous, pose estimation methods have also been described,

and these are summarized as well. Variations in the methods include type and location

of the sensor, illumination requirements, the object or scene feature on which the pose

is calculated, relative motion of the robot or object, iterative versus direct solution, and

modeling of uncertainty or noise in an attempt to improve the robustness and accuracy of

the results. Applications proposed are for research programs or for commercial prototype

development in the general areas of robot location, manufacturing, camera calibration,

and tracking of a moving object.



1.3.1 Pose Using Point-Based Methods

Point-based methods rely on the identification and location of featmre points on

a target object from a 2-D image of the scene. A rigid body is generally assumed but

no explicit geometric model is given. Information concerning the geometric shape other

than size is not used in calculating the pose. Coordinates of the points in a local or world

reference frame may or may not be known.

Methods of this class, referred to as N-point perspective, were the first to be studied

and, as a result, have been more extensively developed than model-based methods [3]. A

perspective model that assumes the projection of a 3-D object onto a 2-D image plane

through a pinhole camera model is generally used [1]. Both single-image and stereo

methods have been reported; however, single-vision techniques have, by far, the greatest

number of solutions. One reason for this is that point correspondence with an object from

a single image is easier to determine than correspondences between two images and the

object as required in stereo. The general framework is, given N corresponding points in

the object and in the image, to solve for the relative pose between the camera and the

object. The minimum N that produces a finite number of solutions is three, although, up

to four solutions are possible. Four coplanar, noncollinear points give a unique solution.

Fom or five noncoplanar, noncollinear points may result in two solutions. For N greater

than five noncollinear points, the result is unique and consists of an overdetermined set

that can be solved using least squared error methods [4]. In general, as N increases, the

accuracy of the results increases [5]. These overdetermined solutions are used for camera

calibration in which a large number of points are needed through minimization of an error

criteria to achieve the desired accuracy and to calculate both the external and internal

camera parameters [5]. Three- and four-point coplanar targets have been directly used

for pose determination. With stereo cameras, three corresponding points on an object

are sufiicient to uniquely identify the relative pose of the object although uncertainty
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may be reduced through a larger number of points [6]. Range images, similarly, can

determine pose with a minimum of three points. An advantage of 3-D range images over

stereo is that the correspondence problem is not present since the three coordinates of

an object point are determined directly. Algorithms for these techniques are primarily

iterative. For the three- and four-point special cases, however, closed-form solutions have

been demonstrated [7, 4, 8, 9].

Trabasso and Zielinski [10] describe an approximate calibration method for calcu

lating exterior orientation parameters and the x and y scaling factors. A calibration block

consisting of four coplanar points is assumed to be perpendicular to the optical axis of

the camera. This method has been tested in an experimental work cell for robot grasping

and placement of automobile bodyshells whose plane is approximately perpendicular to

the camera axis. Placement accuracies of one millimeter were achieved.

Tsai has described a technique for high-accuracy, 3-D camera calibration using

standard television cameras and lenses [5]. This paper gives a good survey of the cali

bration and pose determination techniques at the time of its publication. It also proposes

a new two-stage method based on the radial alignment constraint that determines the

six extrinsic and intrinsic parameters including focal length, two radial lens distortion

coefficients, and the x coordinate scale factor. The first stage is a direct linear solution

neglecting lens distortion. This result is used as the initial estimate in the nonlinear second

stage that takes into account the lens distortion. An overdetermined set of points is used

to achieve high accuracies using least squared error fitting. Using the radial alignment

constraint, solutions are given for both coplanar calibration points and noncoplanar points.

Test results are given where the number of calibration points used is 60. Total accuracy in

3-D is about one part in 2000. Fewer points gave higher errors while more points did not

give a significant improvement in accuracy. The error obtained is approximately one-half

the total theoretical predicted error.



A 3-D location method based on dual number quaternions is given by Walker et al.

[11]. The method is formulated as a single-cost function to be minimized where the real

part and dual part of the dual quaternion are used to represent rotation and translation.

Conversions between the conventional homogeneous transformation matrix and the dual

quaternion parts are given. An algorithm for the localization is detailed. Inputs are in

terms of 3-D measured points and unit vectors corresponding to surface normals or to

edge directions. Phong et al. [12] also describe a pose estimation method based on dual

number quaternions. Their method is a 2-D to 3-D pose estimation rather than the 3-D

to 3-D as given by Walker. Line features, or lines defined by pairs of corresponding points,

are used as correspondences between the image and the 3-D object. The problem is set

up as a sum of quadratic constraints. A trust region optimization algorithm is used to

solve for the real part and dual part of the transformation. Experimental results are given

for various numbers of line correspondences and varying amounts of added noise. Two

sets of results are given. In the first set, the real quaternion is solved first and then used

to solve for the dual part. The second set of results is from the simultaneous solution of

both parts of the dual quaternion. In general, the simultaneous solution had less error but

required more computation. This method is extended in [13] to point features based on

the collinearity between the object point, the center of projection, and the image point.

1.3.2 Methods for Real-Time Pose Determination

Real-time methods are intended for those applications requiring fast response for

control or needing low computational overhead for operation with low-cost hardware.

These methods generally use a relatively small number of feature points, with four copla-

nar points being most widely used. Abidi and Chandra [8] propose a new closed-form

algorithm for relative pose determination based on the volume measurement of tetrahe-

dra. Using triples of the corner points of a quadrangular target, the volumes of the solids
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defined by these points and the lens center are calculated. Object pose is recovered using

these volumes without prior knowledge of the lens focal length as long as the coplanar tax-

get and the optical axis axe not pexpendicular. A solution is also given that uses the focal

length as an input to remove this restriction. Lens distortion correction is applied to the

image feature points before using the algorithm. To achieve higher accuracies, a nonlinear

iterative optimization stage is given that is applied to the results of the direct algorithm.

Experimented results and simulations show that average errors of 0.84% in distance and

0.66% for angles were obtained using the direct method alone, assuming pixel standard

deviation noise of 0.5 pixels. Applying the optimization step gave errors of 0.19% and

0.05% respectively. Results axe also given showing sensitivities of the pose to paxametex

changes and to the shape and xelative size of the taxget. Taxget shape was not found to

have a significant effect on accuxacy. Abidi and Gonzalez [14] give an altexnate method

to compute the relative pose based on an algebraic solution. Three points are shown to

be required to give a finite number of solutions. A fourth coplanax point is then shown to

give a unique solution as long as no subset of three points axe collineax.

An eaxly papex on pose detexmination based on machine vision was wxitten by

Chen et al. [15] that extxacted feature points on a workpiece. At least three points

were extracted from an image of the workpiece that was then rotated through a known

displacement with a second image being taJcen. Through stereo correspondence, the 3-

D locations of the points relative to the camera were calculated. The transformation

matrix is then calculated fi:om the matched points. Haralick and Joo [2] present robust

techniques for calculating the extrinsic pose parameters firom a single image. Iterative

procedures with both robust and nonrobust methods for calculating a least squared error

solution are given. Experimental results and simulations show that the robust method has

considerable advantage when outliers are present in the data. It is stated that outliers are
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generally due to incorrect correspondence of point pairs, an occurrence which is commonly

encountered.

Haralick et al. give closed-form iterative, least squared error solutions based on

point correspondences for four different pose estimation problems [16]. These problems

are 2-D to 2-D estimation, 3-D to 3-D estimation, 2-D perspective to 3-D, and 2-D

perspective to 2-D perspective. A robust algorithm is also presented for each problem.

The effects of varying amounts of noise on these solutions are also investigated. Both inde

pendent additive Gaussian noise and independent additive noise from a slash distribution

are used in simulations to show the performance of each algorithm. The slash distribution

is used to simulate the presence of outliers in the data due primarily to correspondence

mismatches in the data. Experimental results show the advantage of the robust algorithm

for this noise distribution. The results also show that hundreds of corresponding points

must be used to achieve reasonable accuracies when the signal-to-noise ratio is less than

40 decibels.

An automatic spacecraft docking application described by Ho and McClamroch uses

computer vision and a rhombus target to determine relative pose [17]. The algorithm used

is point based where the four corners of the target are extracted. A nonlinear, iterative

least squared error solution is given. Focal length is assumed known. These values are fed

to observers that estimate the spacecraft rotational and translational velocities. Control

loops maintain position and attitude while keeping the rhombus mark in view of the

camera. Simulation results show that orientation accuracy is better than position accuracy

with the largest error in the range estimate. However, this error is proportional to the

range so that as range decreases during the docking maneuver the error also decreases to

an acceptable level.

Holt and Netravali give a theoretical discussion of the pose determination problem

given N corresponding points on an object whose coordinates are known in some 3-D
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reference frame and the 2-D perspective projection onto an image plane [3]. If N is three,

it is shown that, in general, there can be up to four solutions unless the points are collineax;

in that case, there can be infinitely many solutions. The case of four coplanar points is

examined for various combinations of object and image point collinearity conditions. Four

noncoplanar corresponding points are shown to have, at most, four solutions.

An analytic solution to the perspective four-point pose determination problem is

given by Horaud et al. [18]. The general case of noncoplanar is considered, with special

cases of four coplanar points and four points forming a right vertex. While a detailed

derivation is shown, no experimental results are provided. Howard and Book [19] describe

a video-based sensor intended for automated docking systems. This system was developed

for the National Aeronautics and Space Administration (NASA) with intended use on

Space Station Freedom and other satellite servicing vehicles. A solid state video camera,

digitizer, and special target form the basis of the system. The relative pose between the

camera and the target is determined. A three-point correspondence that has three circles

of retroreflective tape spaced in a line is determined from the target. The middle refiector

containing the other two circles is mounted on a pole spaced away from the target plane.

An algebraic method is used to calculate the pose from the image locations. No proof is

given that the pose calculated is unique since as many as four solutions are possible with

only three point correspondences.

A robot location determination method is given by Hung et al. [20] for use in mobile

navigation. Multiple marks are proposed in which a trapezium is used as a target along

with a mark identification. A modification of Fischler and Holies' method [9] is used

to calculate the pose based on obtaining the corner points of the trapezium to subpixel

accuracy. Point correspondence and identification are addressed in detail.

Hung et al. [21] propose a method for pose determination based on a planax quad

rangle target. From knowledge of the dimensions of the target, the relative pose of the
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camera coordinate system is found. The technique directly solves for the positions of the

vertices of the quadrangle relative to the camera perspective center. While the solution

is exact, the algorithm is sensitive to noise. To reduce noise effects, a shape restoration

stage is given that attempts to restore the noise-perturbed shape of the quadrangle to its

original shape. This stage is a constrained optimization problem in which a suitable cost

function is defined and then minimized iteratively. Results show relative errors of less

than 1% for a noise standard deviation of 0.5 pixel.

Another pose determination method using four coplanar points is given by Kamata

et al. [22]. Intermediate transformations are defined when relating world coordinates to

camera coordinates. These intermediate transformations simplify the coordinate systems

so that algebraic reasoning can be used to solve for the remaining transformation. Lens

focal length is required. The full solution is a direct closed-form method.

Kite and Magee describe an algorithm for pose determination of a camera relative

to a rectangular target of known size [23]. The 3-D problem is broken down into two 2-D

problems. In addition, only three corners of the target must be visible. A major restriction

in the use of this algorithm is that the optical axis of the camera must pass through the

centroid of the target. Noise effects axe not considered. An iterative algorithm for pose

determination of a rigid body from landmark points is given by Krishnan et al. [24]. These

points may be coplanax or noncoplanar. Any number of points greater than three may be

used. This method iteratively calculates the coordinates of the N landmark points relative

to the camera perspective center using least squared error for the overdetermined system.

The pose transformation algorithm of Veldpaus et al. [25] is used once the 3-D coordinates

of the individual points are known. Computer simulations were conducted using four to 12

points in coplanar arrangements with additive Gaussian noise having a standard deviation

of one pixel. Two metrics that permit comparison between results from different methods

are defined. These are the Range-Size Ratio (RSR) and the Focal-Length-to-Noise Ratio
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(FNR). A significant result is that an increased number of landmarks does not always

result in increased accuracy of pose parameters. Range errors were found to be less than

0.6% for planar targets in which the plane of the target was at least 20 degrees off normal

to the camera. Results obtained were compared with Hung et al., Yuan, and Abidi and

Chandra, all using fom: points [21, 1, 4]. While the range and angle errors given were

lower than the other methods, the FNR of 800 was somewhat higher than that of Yuan

(735) and Abidi and Chandra (520), which would be expected to produce lower errors.

Mandel and Duffie address errors in mobile robot docking [26]. A method is

proposed to compensate for the docking errors. Two methods axe described for measuring

the error: (1) a touch trigger probe, or (2) a vision system. The reference target for

the vision system is fom points drawn on a cube with three points on one side and the

fourth on an adjacent side. Four nonlinear equations axe used to solve for the depth

of the points. The transformation matrix is then derived through a least squared error

approach by means of the singular value decomposition. This approach calculates a true

rigid body transformation of a rotation and a translation. Experimental results using real

hardware showed depth and angular errors of about 0.3%. Liu et al. describe methods

of pose determination using point correspondences and line correspondences [27]. Both

nonlinear and linear solutions are given in which the rotation and translation are calculated

separately. Three line or point correspondences are needed for the nonlinear iterative

method while eight line or six point correspondences axe needed for the linear technique.

Simulation results are given for each case. For line correspondence with the nonlinear

method and using fom lines with a 5% level of uniformly distributed noise, the relative

error for rotation is 0.0086 and for translation is 0.0347. The relative errors for the linpar

method are 0.2832 and 0.0992, respectively, which axe considerably worse. The algorithm

for point correspondence forms lines from the points and uses the same algorithm as the

line matching method. A video approach to autonomous docking for spacecraft is given
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by Tietz and Germann [28]. The paper describes a complete guidance and control system

with a TV camera on the chase vehicle. A target consisting of three lights arranged in a

"T" pattern with the middle light in front of the object is used. Flashing lights axe used

to determine point correspondence. Equations are given for the pose calculation, but no

derivation is given nor is there a justification for the use of only a three-point taxget so

that a unique solution may be achieved.

Jatko et al. [29] describe a method for autonomous docking in a battlefield resupply

apphcation. A taxget consisting of six LEDs axranged as two quadrangulax faces is used

with a single camera for image acquisition. The LEDs flash at a preset frequency with

temporal bandpass filtering being performed on the images. A least squared error iterative

algorithm similar to Lowe was used for pose calculation [30]. The method was successfully

implemented and demonstrated on a full-scale robot arm. Robustness to missing features

as well as extraneous features is a key result. Goddard et al. [31], in a related application,

use the four coplaxiax point method of [8] to measure the pose of each face of the six-point

taxget. The point correspondence of the quadrilateral faces is used to determine which

face is being viewed. Experimental results axe given for relative error in all six parameters.

Wolfe et al. provides an axialysis of the constraints provided by point correspon

dences for monocular pose determination [32]. The constraints imposed by different

numbers of corresponding points axe examined for a perspective camera model. Coordi

nate curves axe used to trace the motion of a point from the camera reference as a position

parameter is varied. For the case of four points, it is shown that knowledge that the points

axe in the shape of a rectangle is sufficient to recover the orientation without the known

length and width. Position is recoverable when these parameters axe also known. Pinkney

et al. [33] and Pinkney and Perratt [34] describe a real-time photogrammetry system that

is a part of the remote manipulator system used on the NASA Space Shuttle. Based on a

TV image, the system calculates pose at frame rates through a point-based algorithm. A
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least squared error fit to the pose value is performed on the individual frame values every

n frames. The points are extracted from quadrangular or three-point targets.

Yuan presents a general method of pose determination or, as it is known in pho-

togrammetry, the exterior orientation calibration problem. The method is based on a

single image of known feature points [1]. Instead of the collinearity constraint, the al

gebraic structure of the transformation is used in deriving a nonlinear method for any

number of points. A proof of the existence of a solution for n points is given as well as

a proof of the uniqueness of a solution for the case of four noncollinear coplanar points.

Specific solutions are given for the cases of three, four coplanar, four noncoplanax, and

five noncoplanar corresponding points. Simulation results for coplanar arid noncoplanar

four-point solutions show sensitivity to variations in range, sensitivity to image-size ratio,

and sensitivity to errors in image and feature point coordinates. Errors in position are

relatively independent of range while coplanar points tend to give higher orientation errors

than noncoplanar when the object plane is parallel to the image plane. A significant result

is that noncoplanar targets give higher accuracies and have greater robustness than copla

nar targets. No problems were encountered with multiple solutions for four noncoplanar

points. The conditions under which multiple solutions may arise are not given, however.

1.3.3 Pose Using Model-Based and Higher-Level Primitives Methods

Model-based methods of pose determination use an explicit model for the geometry

of the object in addition to its image in determining the pose. The object is modeled

in terms of points, lines, curves, planar surfaces, or quadric surfaces. Some methods

obtain these features from computer aided design models [35]. Other papers restrict

or simplify the model so that the object can be described easily and the computation

involved is reasonable [36]. As in point-based methods, a perspective vision model is

generally assumed. Orthographic models with scaling that simplify the computation have
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also been reported, but the accuracy is limited at closer ranges due to the perspective

approximation [7]. For this class, methods have also been developed for single vision,

stereo, and range images. Prom the 2-D image in single-vision techniques, which is the

perspective projection of the known 3-D object, the problem is to determine the rotation

and translation of the object that would give rise to the given 2-D projection. Edges and

vertices must be recognized and matched with corresponding features in the object for

the pose to be calculated. One important example is the calculation of the pose from the

image of a circular feature (an ellipse) using a closed-form method [37]. An ellipse is fit

to the feature edge through minimization of error criteria. Two solutions result from one

image, however, so that an additional feature or an additional image is required to derive

the correct pose.

Methods using range images are predominately model-based. The range image

is 3-D rather than 2-D as with intensity images so that depth information is directly

available for matching features to the object. Algorithms, however, are generally iterative

and are based on nonlinear minimization of a cost function relating the image features

with the object featmres [38]. Hypotheses and verification may also be performed to

determine the correct pose [39]. A method has also been developed based on neural

networks to solve the problem using Kohonen-Nets [40]. Stereo methods, by determining

the 3-D coordinates of features through matching, are similar to range image methods

[41]. Detailed summaries of methods in this class are given below. Chen describes a line-

to-plane pose determination method in which the image data are lines that correspond

to planar features on an object [42]. Point-to-point correspondence is not assumed. One

example of its application is the projection of a light stripe across a cube generating three

lines on three faces of the cube. The method shown is based on quaternions requiring

the solution of an eighth-degree polynomial. No initial guess is required. A TniTiimiiTin

of three lines is required, but the solution is not unique. Experience indicates that one
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or two additional lines are required to determine a unique solution, but the uniqueness

of solutions is not addressed. Closed-form solutions are given for commonly encountered

special configurations. An analysis of the necessary and sufficient conditions for existence

is given. Noise sensitivity simulations that show the effects on orientation were presented.

Significant errors were seen through perturbations of the three line vectors. Choosing a

triplet of lines is recommended as the initial step in an iterative solution using additional

feature pairs and leeist squared error techniques. The author did not find a direct solution

using additional feature pairs.

Chen and Tsai propose a solution for robot localization using an assumed shape

for a target object [36]. The object must have a polygon-shaped top and a lateral surface

perpendicular to the top with all dimensions of the polygon top and angles known. This

class of objects includes cubes, most buildings, and many machine parts. Pencils are

defined for a corner of the polygon from which a corresponding image pencil is extracted.

Experimental results show errors of 5% or less with sensitivity to critical orientation angles.

In comparison with the work by Hung et al. [21], the method has improved accvuacy for

general orientations but is worse at the critical angles.

Three-dimensional planar objects are considered by Consales et al. for determina

tion of spatial orientation [43]. Assuming perspective projection, the method extracts

the image junctions of object vertices where three edges come together. The paper shows

that only two junction angles are required to calculate the orientation instead of three as

described in previous work.

A triplet of image lines is used by Dhome et al. for pose determination of 3-D

objects from a single image [44]. The lines are assumed to be the perspective projection

of three ridges on the object model with correct matching applied. A search is performed

for the model attitude consistent with image projections. The required transformations

are calculated fi:om an eighth-degree polynomial. Since eight solutions are possible, logical
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rules axe given that reduce the number of solutions. In actual use, matching of the model

to the image lines must be performed in a general prediction-verification procedure. Lowe's

method [30] was used for matching while the proposed method is used at the beginning of

the procedure to reduce the searching required and to provide an initial value for Lowe's

iterative procedure.

Ellis et al. gives a method for fitting ellipses to edge-based image data [45]. The

ellipse parameters are used to determine the pose of the object. A particular emphasis is

the handling of uncertainty in which Kalman filtering is used in extracting the ellipse data

and used in the model matching. The uncertainty is propagated throughout the matching

stages through a Mahalanobis distance measure and a Kalman filter. An orthographic

projection is used to simplify the calculations. Results show the detection and grouping

of elUpses in real images with many different types of structures. No data is given on

the accuracy of fit or on the accuracy of pose determination using this method. Ellipse

fitting is used by Foster and Sanderson to determine object orientation [46]. This method

assumes objects with circular edges or surfaces and calculates the orientation based on

the elhpse equation. An error measure based on the minimization of distance that is used

to iteratively fit edge points to the ellipse equation is defined.

Safaee-Rad et al. describe a method to estimate the parameters of a quadratic cmve

firom a single image. The emphasis is on accurate estimation of ellipse parameters. These

elhpse parameters are then used for pose determination [47, 48, 49]. This work gives an

exact closed-form solution for calculating relative pose from circular object features. Since

the cmrve parameters are used, the method does not require individual point matching.

No restrictions are placed on the optical axis direction, and perspective projection is

assumed. The method is based on geometric reasoning and algebraic transformations to

first calculate the relative orientation without knowledge of the radius. Lens focal length

is required. Since the circular featme has rotational symmetry, only two orientation angles
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can be determined. The third is arbitrary and can be set to zero. If the radius is known,

the center coordinates can be determined directly. If the radius is unknown, two images

are required with prescribed viewpoint differences. As with any method using circles alone

as the determining feature, the mirror ambiguity gives two possible orientations for the

viewed circle. Also given is an extended method for 3-D quadratic features in which pose

is estimated for spherical features. Simulated and real experimental results are given.

Combining the ellipse parameter finding method given in [48] amd this method, the real

object tests show average orientation angle errors of 0.80 degrees or less and average

positional errors of 1.28 mm or less with the largest error in the depth axis.

Ferri et al. examine pose estimation through perspective inversion for four different

problems [50]. These problems are: (1) four coplanar line segments; (2) three orthogonal

line segments; (3) a circular arc; and (4) a quadric of revolution. For case two, the method

gives a second-degree equation as the solution. Case three for elliptical images finds the

orientation of planes that intersect with a cone whose vertex is the focal point. Two

possible solutions are possible for each image ellipse. When the circle radius is known, the

relative position of the center can be found. Experimental results are given for case three.

The ellipse parameters are derived from image edge points. Errors are given as 3.7% for

angles and 3.0% for center positions. The ellipse backprojection gave more robust results

than the surface of revolution method especially in the presence of occluding boundaries.

Glachet et al. provide a method to determine the pose of an object of revolution

from a single image and the model of the object [51]. The method first computes the

perspective projection of the axis of the object based on the geometric properties of the

object of revolution. This is performed through a prediction-verification scheme that

computes a virtual image in which the contours are symmetrical. Experimental results

show graphical images, but no error results are reported.
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Goldberg and Lowe give a method for verification of 3-D model parameters given a

single image [52]. This stage is performed after hypothesis generation in a model matching

method for pose determination. A nonlinear least squared error solution is presented that

minimizes the distance between the candidate model object with the projected pose and

the corresponding image features. New work includes the definition of a coordinate tree

data structure that consists of transformations between components of the model. This

tree can also consist of null components that represent transformations without bodies.

An advantage of this structure is the ease of calculating derivatives of points with respect

to variable parameterization. No experimental results are given. A simplified method is

given by Han and Rhee to calculate the six pose parameters given a special circular target

[53]. This target consists of a circle with a center dot and a dot near the inside edge of

the circle. A restrictive assumption is that the optical axis must past through the center

dot. Each pose parameter is then calculated separately. Experimental results using this

method as a camera calibration for two stereo cameras show average errors of less than

one percent. No explicit noise evaluation is given.

Haralick describes a pose determination method from the projection of a conic or

polygon of unknown size [54]. The technique decomposes the problem into two three-

parameter problems if the shape and size of the curve are known. Exact point correspon

dence is not required. Conies considered are the ellipse, parabola, and hyperbola. It is

assumed that the optical axis of the camera passes through the center of the image and

that the focal length is known. The orientation is first determined as an optimization

problem with three unknowns. The translation is then calculated. The same approach

can be used for noncoplanar curves as long as the curve can be placed in parametric form.

In addition, a disadvantage of the iterative optimization is that initial values must be sup

plied that may not converge. No experimental results are given. Haralick in [55] further

shows that the relative orientation may be calculated from the perspective projection of a
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rectangular target whose size and position are unknown. Given the size, then the relative

position may be determined. The equations are relatively simple and are derived geomet

rically to give a closed-form solution. An ambiguity is present in determining which side

of the rectangle the camera is on.

A standard pattern is proposed by Kabuka and Arenas that is used for mobile

robot position measmement using a single image [56]. This pattern, which is composed

of a circle and bar codes, when viewed from any position, will permit the extraction of the

relative pose from a projected image. The circle used in the target gives rise to an ellipse

in the image, and other marks determine the rotational ambiguity. Parameters of this

image ellipse are used to derive the pose parameters. A method is given for calculating

the size, position, and orientation of the ellipse based on position-invariant moments. The

derivation of the pose from these parameters is also shown. Analysis of error sources

show that assumptions made in the derivation give rise to errors. One example is that

the optical axis passes through the center of the circle; another is that the swing angle is

zero. Experimental results are given with errors for the pan angle and the distance values.

As an extension of the above work, Hussain and Kabuka [57] further analyze the errors

associated with this method. The error sources considered are discretization of the image,

segmentation of pixels, and perspective distortion in which it is stated that the projection

of the circular target onto the image plane is not a true ellipse. Architectures for real-time

moment generation up to seventh order are also proposed.

Lowe gives a method for object pose determination through model matching with

hypothesis and verification [30, 58]. Model features are initially matched to image features,

and an error function is defined that computes the error for each image axis between the

projected image features and the observed image features. This function is the sum of

the products of the partial derivatives of the pose parameters times the pose correction

values. Rotations are represented by quaternions to simplify the computations. The
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Newton-Raphson method is applied to the error function to iteratively solve for the pose

correction values. If convergence is not obtained, an incorrect match is indicated. This

method is extended to parametric models so that both pose and model parameters are

solved for during the iterative algorithm. Line-to-line correspondences may also be used

in addition to point-to-point. An advantage of this approach is that depth information is

not explicitly required. No quantitative results are given on the accuracies obtained with

this method.

Neira et al. outUne a method for vahdation of geometric relations as part of an

overall object recognition scheme [59]. Early estimation of object location is required

during the model matching. Uncertainty is incorporated in a symmetries and perturba

tion model. Geometric features are classified into one of six transformation subgroups.

Data fusion of observations is performed through an lEKF. No details are given on this

integration method. Solutions to the validation of geometric relations are given for all

combinations of symmetries. A means for verification is also given. The approach, "rec

ognizing while locating," enables unary and binary constraints to validate the miniTnum

number of observations that can give an object location hypothesis. Additional featmres

are then used to verify this hypothesis. The methodology for selecting the initial set of

observations is given. Kriegman et al. give constraints for recognizing and locating curved

3-D objects from single image features [60]. The features considered are those dependent

on the viewpoint of the curved object and are not intrinsic to the object model. The object

points are related to the image points by a series of n equations and n unknowns that

are the coordinates of the model points. An example is shown, but the general method is

compute intensive.

A method of determining pose based on real or virtual 3-D lines in a target scene

is described by Kumar [61, 62]. Correspondence is achieved between the target fines

and the image fines without endpoint correspondence. The application is for a mobile
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robot in an outdoor environment where the featmes are distant from the camera. An

uncertainty measure is developed relating the variance in the solution to the noise in the

input parameters. This measure assumes a perfect 3-D model with noise occurring only in

the image data. The method used is based on the constraints given by Liu et al. [27] with

a nonlinear optimization technique proposed by Horn [63] to solve the relative orientation

problem. While algorithms for line correspondences are given, point algorithms have also

been developed. Two basic methods are presented in which one first calculates rotation

and then translation while the second calculates rotation and translation at the same time.

The simultaneous solution generally gives the best results. Closed-form solutions are given

for the variance of the rotation and translation as a function of the noise variance of the

image data. Simulated and real experiments were performed using the developed method.

Results were good, but possible improvements are noted along with a needed increase in

robustness due to mismatching of lines.

Linnainmaa et al. describe an approach for pose determination using triples of

points on an object matched to triples of points in an image [64]. These image triples

form a triangle that are junctions connected by edges or contours. A generalized Hough

transform is used to evaluate which object triangles correspond to the image triangles

and to evaluate relative pose. Further geometric constraints axe applied to the clusters

to improve the matching. Multiple solutions from the three-point pose extraction are not

a problem since the clustering and subsequent constraints eliminate all but the correct

values. Experimental results are given that show good results based on large numbers of

triangle pairs.

A method that estimates pose through model feature matching is given by Ray

[65]. One or more monocular images are used to extract line features from an object that

are matched to model features through an interpretation tree. A cost function is defined

for the interpretation tree branches that assumes that the approximate pose is known for
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the object. After correspondence is established, an optimization function produces the

maximum likelihood pose estimate based on all feature matches. Experimental results

show higher accuracy using multiple views where position errors were about 0.1 inch and

3 degrees in rotation.

Roth et al. gives another model-based approach for pose correction of a mobile

robot [66]. In combination with dead reckoning, this method matches model feature

points with image data points. A reverse projection of points to 3-D space is used to

find the pose correction vector for rotation and translation. As a preprocessing step, the

orientation is first estimated by means of a vanishing point technique. This measurement

is used to restrict the search space for feature matching. No experimental results are given.

Sheu and Bond describe a method to solve for the object pose firom a single image

based on a hierarchy of features [67]. This method is an extension of previous work in

model matching. These features aje primitives, generalized, and compound. Primitive

features include points, lines, and ellipses. A generalized feature is a grouping of primitive

featmres; a compound feature combines generalized features. Ellipse-to-ellipse correspon

dence is a significant contribution that permits a reduction in the complexity of the inverse

projection problem. The systematic handling of the feature matching is also significant

and provides a robust method.

1.3.4 Methods Incorporating Noise Estimation and Uncertainty

The methods described in this section incorporate noise modeling or estimation as

an integral part of the location determination solution. Uncertainty is explicitly estimated

or predicted based on input noise statistics and on the given algorithm.

In presenting a new data fusion technique, Abidi [68] gives a one-dimensional ex

ample of the fusion of stereo and ultrasonic range data. Stereo triangulation for position

measurement, while good for the transverse coordinates, x and y, is not as accurate for
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depth measiirement, z. An ultrasonic sensor, however, has good depth accuracy but poor

X, y resolution. A quadrangular target is used in which the four corner point coordinates

are found. For both the stereo images and the range data, probability distribution func

tions are computed for the corner point locations in x, y, and z. Data from one coordinate

at a time is fused to provide the output results.

Ayache and Faugeras provide a method for representing uncertainty in measure

ments of points, lines, and planes that axe used in building visual maps of the environment

for a mobile robot [69]. Two images are taken at each robot location as a stereo pair.

The extended Kalman filter (EKF) is used as a model for estimating the position of these

primitives and the uncertainty through the covariance matrix. The feature location noise

firom the image is modeled as zero mean Gaussian noise with a known variance. As the

robot moves, additional images are taJcen and are used to update the filter and to improve

the estimate of the 3-D locations. The solution for rotation and translation of relative

frames for images taken during movement is similarly modeled. Multiple primitives are

matched for both the first and second positions of the robot. Each matched pair is used

as an input to the filter that provides an estimate of the relative displacement and the

error. Questions are raised as to whether the modeling is sufficient for lines and planes

and whether the assumption of Gaussian distributions is valid for actual situations. Pos

terior marginal pose estimation is described by Wells in which a probabilistic model of

image features along with prior estimates of feature matches and pose is used to derive

a pose objective function [70]. The pose is then found fi'om the optimization of this

objective function. Parameters of the probabilistic model are obtained from the image.

Noise firom image features is assumed to be independent with a Gaussian distribution. A

linear projection model is assumed. The objective function is shown to have a relatively

simple form under these assumptions. Experimental results are given for synthetic-range
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imagery. The objective function has a sharp peaJc near the correct pose while local maxima

are also present.

Scene depth and image motion are computed by a method given by Singh that

measures image flow from time-varying images [71]. Kalman filtering is used to calculate

the depth using image flow. An advantage is that the covariance matrices are available

that provide an estimate of the error as subsequent images axe acquired. The filtering

technique is based on one proposed by Matthies et al. [72] that estimates depth and

depth uncertainty at each pixel as opposed to other techniques based on image features.

Correlation techniques are used to measure the flow as well as to estimate the uncertainty.

A discussion and comparison of both the feature-based method and the proposed method

are given with quantitative measmrements. The convergence rate and accuracies obtained

axe similar. Experimental results axe given for lateral motion of the camera.

Fischler and Bolles propose a method called raxidom sample consensus (RANSAC)

for fitting a model to experimental data in which the data may contain a significant

percentage of gross errors [9]. This method is applied to the perspective n point pose

determination problem which is also solved as a paxt of this paper. The minimum number

of points for a finite number of solutions is shown to be three, and a closed-form algorithm

is given based on geometric reasoning. Examples of multiple solutions axe given for three,

four noncoplanax, and five noncoplanax point sets. Four coplanax points, and six points

in a general position, axe shown to give a unique solution. The RANSAC procedure is

applied to a set of overconstrained points and initially starts with as small a data set as

possible. The set is expanded iteratively including additional points that do not vary more

than a threshold from an initial model. Points greater than the threshold axe considered

outliers and are not used in the pose determination. Least squared error techniques may be

applied to the remaining points. Rationale for selecting the threshold and the maximnm

number of iterations is given. Implementation details and experimental results axe given
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for simulated problems and for determining camera pose from an aerial image. The method

removed all gross errors from each trial.

1.3.5 Methods Using Kalman Filtering for Direct Pose and Motion Estima

tion

Estimation methods and applications using Kalman filtering are described in this

section. The problems being solved include not only pose estimation but also motion and

3-D structiure of a rigid object. Some of these are "Structiure from Motion" problems

where a priori knowledge of the object is not available. These methods use point features,

generally, and require a large number of features per image to solve for the many state

variables. Batch nonlinear optimization methods are also discussed [73] where estimates

are made by analyzing an entire sequence of images at once. For real-time applications such

as robotic control, visual servoing, etc., batch analysis is not a feasible option. Extended

Kalman filtering is the most widely used method of recursive estimation.

A recmsive method of estimating motion, structure, and focal length is given by

Azarbayejani and Pentland [74]. A sequence of 2-D images firom which featxure points

are extracted is used as input. An EKF is used for estimation. The camera model uses

the image plane as the origin to aid in parameterizing the imaging geometry. A single

parameter, the depth, provides the estimate of the state for each structure point in contrast

to other approaches that use three parameters per point [75, 73]. This parameterization

is claimed to be more stable for recursive estimation than previous methods. However,

recovery of the 3-D x and y point coordinates is subject to the noise present in the image

features and could result in significant errors. Quaternions are used to represent rotation

indirectly. The three rotational velocities are used in the state vector while a global

rotation state is maintained between iterations but is not used in the EKF. Simulated,

as well as experiments on actual image sequences, are given along with the performance.
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Broida et al. in [75] also describe a motion and structiure estimation problem

and a solution based on the lEKF. Point-based image features are inputs with the 3-D

coordinates estimated using three state variables per point. The camera-referenced object

center x and y, translation velocity, and the 3-D point coordinates are state variables

normalized to the object center depth. A rotational quaternion and angular velocity

complete the state estimate. A normalization step on the quaternion estimate is performed

immediately after the measurement update to constrain the extra degree of freedom. Initial

estimates for the filter are obtained from a batch method applied to a set of images.

Experimental results are given for both simulated as well as real image sequences. For the

simulated case, uniformly distributed noise (to mimic quantization error) is added to the

image points. Only four points from the vertices of a cube are processed. Convergence is

obtained with 10% noise and initial estimates within about 20% of the true values.

A Kalman filter approach is used by Lee and Kay for 3-D pose and motion es

timation from stereo images [76, 77]. Consecutive object frames are used as input to

estimate the orientation from which the position is calculated with object rotations and

translation velocities constant. The Kalman filter state is expressed as a rotation using

quaternions for linearization. Measurement noise is derived from 2-D images rather than

the 3-D feature points that give a more accmrate noise estimate when the object distance

from the camera varies over a wide range. For each stereo pair, the orientation is first es

timated through a least squared error method at each measmement sample. The KaJman

filter is then applied over the time sequence of estimates. Simulation results considerably

improved estimates over the individual measurements.

Westmore and Wilson describe the use of an EKF to provide an estimate of the

position of a camera mounted on a robot end point [78]. This filter is implemented as part

of the measurement portion of a closed-loop position control for a six-degree-of-freedom

robot arm. Only three of the six pose parameters, however, are estimated due to the
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constraint that the object motion be limited to a 2-D surface. Two feature points are

extracted from the image and used as inputs to the filter. An implementation and results

are given in which the update rate is 61 Hz. Wang and Wilson describe the estimation

of both relative position and orientation of a moving object using an EKF [79]. Feature

points from the object are extracted from the image and are provided to the Kalman

filter. Using a minimum of three object points, an estimate for the six-element pose

vector is obtained. However, five noncoplanar points were found to give better estimates.

Motion is assumed smooth enough so that the first derivatives of the pose parameters

are constant. Any deviation firom this assumption appeaxs as a distmrbance to the state

model. Both simulation and experimental results axe given. An implementation is also

described that is similar to that of Westmore and Wilson [78]. Tracking errors under

simulation were found to be within 0.6 mm. in depth and within 0.4 degree for pitch

and yaw. The measmement error covariance matrix was initialized based on image point

location variance while the disturbance covariance matrix was initialized based on known

motion trajectories. The Kalman filter output estimate variances were a factor of three to

four less than the measurement noise variances, indicating the increased level of confidence

in the estimates. For the real results, the tracking errors were not as good as the simulated

ones. However, error was attributed to the forward kinematic calculations for determining

the reference positions. The filter output error variance was much less than the forward

kinematics error variance.

An algorithm for estimating depth from known camera motion is given by Matthies

and Kanade [72]. The algorithm, suitable for parallel processing, uses Horn's optical

fiow method [80] and a Kalman filter to estimate depth at each image pixel location.

Lateral translation is shown to give the highest sensitivity to the depth measurement. A

comparison is made to a Kalman filter approach using edge locations. Performance is

shown to be almost equal to the featime-based approach. Experimental results with real
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images show that the algorithm performs well. Burl uses a parallel version of the EKF to

estimate depth from sequential high noise images containing a moving object [81]. The

filter is used to estimate Fourier coeflficients as well as velocity of the object. A reduced

order filter is obtained by truncating the Fourier coefficients.

In the area of robot arm control using vision, Allen et al. [82] describe a robotic

system for tracking and grasping a moving object. The imaging system consists of two

cameras and computes optical flow using triangulation to determine the 3-D position.

A standard Kalman filter is used to predict the position from the 3-D measurements.

Experimental results are given showing the robot arm successfully picking up a moving

toy train. The train motion is approximately 2-D. Papanikolopoulos et al. also describe

a system for tracking a moving object [83] with a single camera mounted on a robot arm.

This system, similarly, uses optical flow and a sum of squared diflFerences for matching

between image frames. An object moving in a plane is tracked where depth to the object

is given. Various control techniques axe also given including proportional-integral (PI),

pole assignment, and linear quadratic Gaussian. Both steady state, time invariant, and

time-varying Kalman filters are used to estimate the transformation state.

Wilson et al. [84] provide a method for visual servoing from a robot end effec

tor. Point-based visual servoing is used along with an EKF to estimate the 3-D pose of

a workpiece object using a single camera. Knowledge of the object is required for the

estimate. The EKF estimates the six-element pose vector (three translations and three

angles) and the six first derivatives of the pose vector. Manipulator control is achieved

through specification of joint angle coordinates. The transformation from the end efiector

frame to the joint coordinate frame is given. A proportional-derivative control is used

in the actual implementation. Experimental results are given for pose estimation and

for visual servoing. Accuracy is estimated by relative displacement calculated from the

kinematics solution. Robustness of the pose estimate is also shown by randomly inserting
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missing features into the measurement. The missing features are handled in the measure

ment equations by increasing the variance of the corresponding term of the measurement

error covariance matrix R. Only small perturbations were observed in the state estimate

when up to two features (out of a total of five) were occluded.

1.4 Synopsis of Dissertation

Chapter 2 of this dissertation provides background theory on elements needed for

the development of the proposed pose estimation theory. These elements include the

bcisic theory of 3-D transformations, perspective projection, quaternions, dual numbers,

estimation theory, and extended Kalman filtering. In Chapter 3, the theoretical approach

to the method is developed along with the new theory and analysis needed to fully explain

the operation. A rationale is given for the use of the lEKF as an estimator. This area

includes the projection of 3-D lines to the 2-D image plane, the formulation of the lEKF

with the dual quaternion transformation, and analysis of error estimates. Chapter 4

provides an analysis of the noise statistics of the line-point parameters in comparison with

point noise. This includes derivation of the probability density function in terms of the

line end point density functions and the derivation of mean, vaxiance, and covariance of

the line points. Chapter 5 gives the system implementation in a robotic arm application in

which a single camera is mounted on the end effector of the robot. Both relative pose and

motion are estimated between the camera and a known object using the method described

in Chapter 3. Results are also given for structure estimation when the object geometry

is unknown. Experimental results axe given for simulated testing as well as testing on

an actual robot arm. Simulation results are given for the errors obtained under different

types of initial estimates. The method is compared to an lEKF estimation method based

on point features. Analysis of the advantages of the proposed method is given. Chapter 6
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summarizes the results and presents the conclusions obtained from this work. Suggestions

for future directions are also given.
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Chapter 2

Theoretical Foundation

This chapter develops the theoretical foundation for the pose estimation method

presented in Chapter 3. The areas covered include coordinate transformations, quater

nions, dual numbers, estimation theory, and Kalman filtering theory.

2.1 Coordinate Frame Transformations

Coordinate frame transformations between orthogonal 3-D references can be repre

sented in several ways. The most common representation is the two-step process consisting

of a displacement of the origin of one reference frame with respect to the other followed

by a rotation around three angles. The rotation is given by a 3-by-3 orthonormal matrix

R while the displacement is a three-element vector J! The coordinate transformation is

then given by

Xf. = + d. (2.1)

and are three-element vectors consisting of the 3-D point coordinates in the form
rn

[xy z] .

A homogeneous 4-by-4 matrbc T, defined in terms of R and d,

r =
R d

^ 1
(2.2)

can be applied to the transformation as follows:
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Vc ~ '^Vw (2-3)

In this case, and zire four-element vectors consisting of the 3-D point coordinates in
rp

the form [x y z 1] .

2.2 Quaternions

A quaternion is a four-component number consisting of a scalar part and three

orthogonal parts. Quaternions are an extension of complex numbers to with three

imaginary parts. Formally, a quaternion q can be defined as

Q = QO + H^+ Q23 + 93^ (2.4)

where each of the is a real number, and i, j, and k are orthogonal imaginary unit

vectors. Prom the above definition, the class of quaternions can be seen to include scalars,

ordinary complex numbers, and three-element spatial vectors. The unit vectors have the

following properties:

^ = — = —1,^ = —1; and (2.5)

ij = k,jk = t,ki = j. (2.6)

A geometric interpretation of a quaternion is given below in Section 2.6. Addition

and subtraction of quaternions are straightforward and can be performed element by

element to form a result that is also a quaternion. These operations are associative and

commutative. Multiplication by a scalar real number is likewise closed. The quaternion of

all zeros is a zero element over addition. An additive inverse for eanh quaternion also exists.
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Quaternions, therefore, are a group that forms a vector space over the real numbers. An
rp

equivalent representation for quaternions is a column vector [^q gj q2 93] . Multiplication

of the two quaternions s and t is defined as

St - {sQtQ - siti - S2t2 - s^t^) + i{sQti + sitQ + S2t^ - s^t2)

+/(«0^2 ~ ̂ih + ̂2^0 + ̂3^1) + ̂(^0^3 + ̂1^2 ~ '®2^1 + «3^o)- (2-7)

Quaternion multiplication is associative and distributive although it is not commutative.

The unit element quaternion is 1 + zO +jO + fcO. A multiphcative inverse element exists for

all quaternions except for the zero element so that the quaternion group forms a division

algebra. Matrix forms of quaternion multiplication are given below where quaternions axe

expressed as fom: element vectors:

pq =

qp =

+

PO -Pl -P2 -P3

Pl PO -P3 P2

P2 P3 PC -Pl

P3 -P2 Pl PO

PO -Pl -P2 -P3

Pl PC P3 -P2

P2 -P3 PO Pi

P3 P2 -Pl PO

+
q=Mpq

q =Mp q.

(2.8)

(2.9)

The 4-by-4 matrices Mp and Mp are identical except that the lower right 3-by-3 submatrix

is transposed. The conjugate of a quaternion is
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9* = 90 - ̂91 - J92 - ̂93- (2-10)

The square of the magnitude of a quaternion is then defined as

Il9ll^ = 99* = 9o + 9i + 92 + 93 = 9 • 9- (2.11)

The multiplicative inverse element of quaternion q is then

9 ̂  = (l/||9ll^)9*- (2.12)

Consider the set of quaternions with unit magnitude. Unit quaternions form a sub

group over multiplication where the inverse is simply the conjugate. The quaternion ma-
-H —

trices Mp and Mp are orthogonal when the quaternion is a unit quaternion. Quaternions

are useful in describing 3-D rotations as discussed below in Section 2.4. For additional

properties, see [63, 85].

2.3 Duzd Numbers

A dual number is defined as [11]

d = a + eb (2.13)

e\

where a, b are real numbers and e is defined as e = 0. In the following, a will be referred

to as the real part and b as the dual part. Addition is defined as

dl+d2 = (al -h e61) -h (a2 -i- e62) = al + o2 + e(61 + 62), (2.14)

and multiplication is defined as
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dld2 = (al + €61)(a2 + e62) = ala2 + e(al62 + 61o2). (2.15)

These operations are closed as well as associative and commutative. Multiplication, as

shown above, distributes over addition. Addition has an identity element, the number

zero. Prom these properties, it follows that dual numbers form an abelian group under

addition. A multiplicative identity exists, but not every dual number has a multiplicative

inverse; i.e., dual numbers with zero real parts. Thus, dual numbers form an abelian ring

under multiplication and division. The conjugate of a dual number is

d* = a — eh. (2.16)

The product of a dual number and its conjugate is

dd* = (2.17)

while the modulus of a dual number is simply the real part,

|d| = a. (2.18)

Note that the modulus can be negative. The Taylor series expansion of a dual function

about its real part has a particularly simple form:

f{a + eb) = f{a) + ebf'. (2.19)

This property is useful in the expansion of commonly used functions. For example,

sin(^) = sin(0) + edcos{6) (2.20)
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where 9 = 6 + ed.

Dual numbers were first proposed by CliflTord [86] and developed by Study [87].

Study represented the dual angle of two skew lines in 3-D space as a dual number. The

dual angle is

e = e + ed (2.21)

where 9 is the angle between the line vectors, and d is the shortest distance between the

lines.

2.4 Dual Number Quaternions

The dual number concept may be applied to quaternions as well as vectors and

matrices. As described below, a dual quaternion cam be used to represent a general 3-D

transformation. The dual-number quaternion is defined as

q = r + es (2.22)

where r and s axe each quaternions [11]. Addition and multiplication are defined in

a similar manner to real quaternions. Analogous to the real quaternion, dual-number

quaternions form a vector space over the dual numbers and likewise form an associative

algebra. The conjugate of a dual quaternion is defined as

q*=r* + es*. (2.23)

The squared magnitude of a dual quaternion is

= 99* = rr* -I- e(rs* -t- sr*). (2.24)
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The squared magnitude is a dual number with non-negative real part. If the real part is

not zero, then an inverse exists and is

9"'=9Vll9f. (2.26)

A unit dual quaternion is defined as one whose magnitude is 1 -f eO. Unit dual

quaternions form a subgroup over multiplication with the inverse equal to the conjugate.

The conditions for a unit dual quaternion are rr* = 1 and rs* + sr* = 0. These conditions

imply that

f-f=l,f-s = 0. (2.26)

2.5 3-D to 2-D Perspective Projection

The problem of pose determination is shown in Figure 2.1 along with the separate

3-D reference frames for the target object and camera. A perspective projection model,

commonly referred to as the pinhole lens model, is used where the lens center is the camera

reference origin. The process of 3-D to 2-D projection is considered. The first step is to

transform the object coordinates to the camera reference. Next, the x and y coordinates

of the projected object onto the image plane are found. These relations are, given image

coordinates {xj y^) and camera coordinates {x^ y^ z^.),

Xj = Xf,—, and (2.27)

yi = yc— (2-28)
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(^i ,yi)[

Target Object

(Xc^Yc'^c)

Center of |
Projection y

Image Plane ^

Fig. 2.1. 3-D to 2-D perspective projection model assumed in pose estimation problem.
The center of projection is the camera reference origin.



where A is the effective focal length [88]. As can be seen, the trajisformation is nonlineaj

and noninvertible. That is, the relations are unique for 3-D to 2-D, but the 3-D coordinates

cannot be determined uniquely from the 2-D image coordinates.

From one intensity image of the target, the 2-D feature coordinates in the image

plane can be extracted. These coordinates, along with the geometric model of the target

and the intrinsic camera parameters, provide the necessary information for pose calcu

lation. Camera calibration performed off-line prior to the pose measurement is used to

determine the intrinsic camera parameters such as pixel size, focal length, optical center,

and lens distortion. The relation between the 3-D camera coordinates and the 2-D image

is based on the assumed perspective projection vision model.

While the calculation of the image coordinates is straightforward given the 3-D

coordinates and the camera parameters, the inverse operation of determining the 3-D

coordinates from the 2-D image plane coordinates is more difficult since the correspondence

of 2-D to 3-D coordinates is not unique.

2.6 Representation of 3-D Rotation by Quaternions

Quaternions can be used to represent 3-D rotations. The unit quaternion 9 = [90 ̂

may be placed in the form

6  9
9 = cos - -h (sin -)u (2.29)

where cos ̂  = Qq, sin ̂  = \/q- q, and u = when 9 • 9 is not zero [85]. This expression

describes the relationship between the quaternion elements and a rotation in 3-D. The

angle-axis representation of rotation is applicable here since an axis of rotation is described

along with the magnitude of rotation. In this case, 9 represents the magnitude of rotation

about an axis u. The composite product of quaternions given by
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/  *
r = qrq (2.30)

describes the rotational transformation from r to r'. r and r' are quaternions whose

scalar element is zero and whose imaginary part is the 3-D coordinate of a point in the

two reference frames. 9 is a unit quaternion. The 3-by-3 rotation matrix R defined in

terms of a unit quaternion is

R =

^0 ■*" ^1 ~ ^2 ~ ^3 2(gi92 ~ QOls) + 9092)
2(9i92 + 9093) 9o ~ 9i + 92 ~ 93 2(^293 ~ 9o9l)

2(9193-9092) 2(9293+ 909i) 9o " 9i " 92 + 93

(2.31)

Composition of rotations is easily realized through multiplication of quaternions as

shown by

r = {pq)r{pq)*. (2.32)

Horn [63] notes that fewer arithmetic operations are required to multiply two quaternions

than are required to multiply two 3-by-3 rotation matrices. Matrix multiplication of

orthonormal matrices does not necessarily result in an orthonormal matrix due to finite

precision arithmetic. The quaternion resulting from a product of quaternions, however,

can easily be normalized to obtain a unit magnitude. It is not straightforward to find the

nearest orthonormal matrix from the product of rotation matrices.
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2,7 Representation of 3-D Rotation and Translation by Dual Number

Quaternions

Quaternions are limited in the sense that only rotation is represented in a full 3-D

transformation. Translation must be dealt with separately. Dual-number quaternions,

however, provide a framework that may be used to represent both rotation and transla

tion. To describe the relationship of dual-number quaternions to the 3-D transformation,

an explanation of the screw representation of a transformation is required. The screw

transformation is shown pictorially in Figure 2.2.

The required parameters include the screw axis, the screw angle, and the screw

pitch. The screw axis is described by a line in 3-D space that has direction I passing

through point p. A 3-D line is defined by the two three-element vectors I and m where

m = p X I. While six parameters axe used in this definition, only four degrees of freedom

are present due to the constraints / • m = 0 and ||/|| = 1 [89]. This particular formulation

leads to the dual quaternion representation of the line,

1 = 1 + em. (2.33)

The screw transformation then requires eight parameters for its representation. Walker

[11] and Daniilidis [89] have shown that a unit dual quaternion q = r + es representing

the 3-D transformation can be expressed as

Q =

cos(0/2)

sin(^/2)Z
(2.34)

where Z is a dual vector that represents the screw axis about which the coordinate system

has rotated and translated as given by 6. An alternate form of a unit dual quaternion is
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Frame 2

d (Pitch)

P

(Direction Vector)

/z

y

Frame 1

0  (Screw Rotation)

(Point on Line)

8-tuple (I, p, 0, d)

Fig. 2.2. Diagram showing screw form of 3-D transformation between two reference
frames. Eight parameters are needed to specify the complete transformation.
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Q = Q + ̂2'^- (2.35)

q, in this form, is a real unit quaternion representing only rotation while t is a vector

quaternion representing translation.

The resulting 3-D transformation of a line can be expressed simply as

i' = qiq*- (2.36)

The form of this equation is identical to that of Equation 2.30 for real quaternions. Com

positions of tranformations are likewise similar,

i'=pqlqp*. (2.37)

An expression for the dual quaternion q can also be represented in terms of a dual angle

that is similar to the angular form of the standard quaternion

9 =

cos(^)
sin(|)n

(2.38)

where n is a dual vector representation of a 3-D line and 0 is a dual angle.

The unit dual quaternion transforms lines from one coordinate frame to another.

In comparison, the real quaternion transforms points from one frame to another that differ

by only a finite rotation.

2.8 Iterated Extended Kalman Filter

A dynamic process or system may be defined by a set of state variables, some or all

of which cannot be measured directly. Available measurements are a function of the state
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variables and may be noisy. The process itself may not be deterministic. The Kalman

filter, first proposed by R.E. Kalman in 1960 [90], is the minimum variance Bayes' estimate

of the state variables of a linear system model. It is the optimum in a least squares sense

of a linear system with additive Gaussian noise in both the process and the measurement.

In addition, it is the optimal linear filter for all other noise distributions [91, 92]. The

standard Kalman filter assumes a linear system model as well as a linear measurement

model. The linear system model is described by

% = + ̂A:-l (2-39)

where X]^ is the state at sample k] and respectively, are the states and

process noise at sample A: — 1. The process noise, is assumed to be white, zero-

mean Gaussian distribution with covariance matrix Qj. at sequence number k. is

the state transition matrix at sample k. The linear measmement model is given by

4 = HkSk + Vk (2.40)

where Zf. is the measurement vector at sample k. vj. is the measurement noise, also

assumed white, zero-mean Gaussian with covariance matrix Rj^. The filter provides es

timates of the state and the error covariance matrix associated with the estimate. The

state estimate extrapolation from one sample to the next is

= ̂fc-l^A:-l(+)- (2-41)

if. is used to denote the estimate of Xf.. The (—) and (-[-) notations represent the estimate

before and after the measurement update, respectively. The Kalman filter also estimates
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the state error through the error covariance matrix Pj^. The error covariance extrapolation

is given by

Pki~) = + Qk-1- (2-42)

In addition to the extrapolation equations that incorporate the dynamic model, the filter

incorporates the measurement information through the use of the measurement update

equations. The state estimate update equation is

^fc(+) = ̂ki-) + ̂ki^k - Hk^ki-))- (2-43)

Kf. is called the filter gain and is given by

Kk = Pkl.-)Hk <.»kPk(-)«l + fit)"'- (2.44)

To complete the Kalman filter definition, the error covariance update equation is

Pk{+) = {I - KkHk)Pk{-). (2.45)

Initial estimates for the state and error covariances are xq = £^[x(0)] and Pg = -^[(^(0) —

xo)(^(0) - ̂o) ]■ The measurement and process noises are assumed uncorrelated, i.e.,

ElwJVj] = 0 for all i,j.
To apply the Kalman filtering technique to nonlinear dynamic processes and to

nonlinear measurement models, extensions to the standard method have been developed.

The EKF and lEKF linearize the nonlinear function about the state estimate using the

linear terms of a Taylor series expansion about the current estimate. Considering the EKF

first, the nonlinear system model has the form
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+ ̂jfc-1- (2-46)

The next state is assumed to be an explicit nonlinear function of the present state with

additive process noise. The nonlinear measurement model is

^k = hiH) + h (2-47)

with the measurements being an explicit nonhnear function of the present state and with

additive measurement noise. The linear term of the Taylor series expansion of the state

transition function is found from

Hdki-)) = (2.48)
x=x^{-)

while the linear measurement expression is given by

dh{x)
Hkiiki-)) = (2.49)

x=Xki-).dx

The state estimate extrapolation uses the nonhnear function in predicting the next state,

^ki~) ~ l(^A:—1(4"))' (2.50)

and the nonlinear measurement function is used in calculating the state update,

~ ̂ki~) ^ki^h ~ ̂fc(^jb(~)))- (2-51)

However, the computation of requires the linearized term in an equation that is

identical to the standard Kalman filter,
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Kk = Pk{-)Hl (HkPk(-)Bl + fifc)-'. (2.52)

The term is also used in the error covaxiance update equation

Pk{+) = {I - KkH^)Pk{-) (2.53)

while the covariance extrapolation requires the linearized that is also the same as the

regular Kalman filter,

Pfc(-) = + Qk-1- (2.54)

The initial conditions are the same as the standard filter. An implicit assumption

is that the functions (p and h are differentiable over all x. The transition matrix $ and

the measurement matrix H are linearized about the latest state estimate. As a result,

K]^ and Pj^ are random variables that depend on the sequence of state estimates, unlike

the standard filter for which these variables may be computed prior to any measurements.

Pf; is, thus, not the true covariance matrix but is only an approximation. Figure 2.3

shows, in block diagram form, the functionality of the EKF. The inputs consist of the

measurements, the measurement noise covariance, and the process noise covariance; the

outputs are the next state estimate and the error covariance matrix. The diagram shows

the filter operation as a feedback control loop where the summing junction minimizes the

error between the measurements and the estimated meaisurements.

In the lEKF, the updated state estimate Xj^.(+) is used repeatedly as a new lineariza

tion point to obtain new estimates of x^(-t-), Kj^, and Pj^{+). The iterative expressions

for these updated variables are
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Fig. 2.3. Extended Kalman filter block diagram showing functionality along with the
inputs and outputs. The filter is seen to have a closed-loop feedback control where the
measurement error is minimized.



-ifc,i(+))) (2.55)

Kk.i = Pk(-)HllHA+W»kih,i(+mi-')Hl{ik,i(+'l'l +

+-R*;)"' (2.56)

Pk,i+li+) = - Kk,iHkiik,ii+)))Pki-) (2.57)

5m(+) = ̂ ki-) (2.58)

where i denotes the iteration number. The state estimate will converge after a finite

number of iterations. The result, in general, is a more accurate estimate of the state at

the expense of additional computational cost.
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Chapter 3

Pose and Motion Estimation Method

This chapter develops the method for pose and motion estimation from monocular

camera images. The perspective projection equations for points from 3-D to 2-D are

shown in Chapter 2 to be nonlinear. Calculation of relative position and orientation from

the 3-D coordinates of corresponding points in two reference frames as shown by [9],

[63], and [4] is also nonlinear. For the minimum three points needed to calculate a pose,

multiple solutions are possible. Solutions with four or more points are overconstrained

with a minimum error criterion used to determine the result. Motion estimation requires

a dynamic system model that, as will be shown, is nonlinear in the rotational dynamics.

Direct linear estimation techniques, such as the standard Kalman filter, are not applicable.

The problem examined in this chapter is: estimation of the 3-D pose and motion

of an object with respect to a camera. Two-dimensional images of the object are available

from the camera at regular time intervals. The object and the camera, or both, may

be moving with respect to a fixed reference frame. The object is well defined, of known

geometry and size, and has a suflBcient number of point and line features visible from a

particular view angle from which the pose estimation can be uniquely determined. The

approach to solving this estimation problem is given below. An extension to this theory is

also provided to estimate object structure where the object geometry is initially unknown.
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3.1 Pose and Motion Estimation Using lEKF and Dual Number

Quaternions

The pose and motion estimation method is based on the lEKF and uses a dual

quaternion representation of a general 3-D transformation. The lEKF is applicable to this

problem since the dynamic state is highly nonlinear as is the measurement function. Use

of the dual quaternion representation provides a consistent, uniform treatment of both

rotational and translational states.

3.2 State Assignment

The state assignment for this problem provides an estimate of the pose or trans

formation between the camera and the object reference frames and the first derivatives of

this transformation. The assignment is based on the dual quaternion representation of the

3-D transformation as described in Chapter 2. Since the dual quaternion has a real part

and a dual part, both of which are quaternions, a direct implementation of this structure

would require eight variables with an additional eight for the first derivatives. However,

since there are only six degrees of freedom in the 3-D transformation and since the filter

computation time is proportional to the number of state variables, fewer variables are

desirable. Based on the approach given by Broida [75], the state variable assignment is

s  92 93 '^z ^y ^z'\ • (^-l)

Thirteen variables are used: and Vj terms are the linear translation and linear

velocity, respectively; is the rotational quaternion in eax;h axis; and is the rotational

velocity in each axis. Translation, rather than the dual part of the dual quaternion, is part

55



of the state estimate since the dual paxt can readily be calculated from the translation

and the rotational real quaternion. This relation is given by

9 = 9 + (3.2)

where t is a vector quaternion formed from the translation vector and by setting the scalax

part to zero. The first derivative is

,t t ..
Q = Q + (3.3)

Thus, the first derivative of the dual quaternion g can easily be computed from the linear

velocity and the other known state variables. Also, with the linear velocity as state vari

ables, the state update for the linear translation becomes very simple. The first derivative

of the translation is also continuous for all real dynamic translations.

Chou [85] gives the relation between quaternion angular velocity and the spatial

angular velocity.

f2 =

UJ,

= 2qq\ (3.4)

f) is a vector quaternion where the vector portion is the angular velocity about the axes.

Solving for q gives

q = -nq. (3.5)
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This equation shows that from an estimate Q of angular velocity, the derivative of the

rotational quaternion may be easily determined. In a real physical system, the angular

velocity is continuous; from this equation, the quaternion derivative is also continuous.

While a minimal state variable representation of rotation using three rotation an

gles instead of the four needed by a quaternion is possible, several difficulties arise. A finite

rotation range is used for each angle, generally [—tt, tt) or [0, 2-k). A discontinuity exists at

the point where the wraparound occmrs, i.e., the value becomes 0 at a 27r rotation angle.

The quaternion would also have to be calculated from the rotation angles. Additional

computation, including the evaluation of several trigonometric functions, negates the ad

vantage of reducing the number of state variables by one. However, since the quaternion

has four parameters, an additional degree of freedom is present. As a result, normalization

of the quaternion to unit magnitude after each iteration is performed.

3.3 System Model

A functional block diagram of the overall system is shown in Figmre 3.1. This

diagram shows the basic operations involved in the pose estimation problem. A system

model will be defined to fit the discrete Kalman filter formulation. That is, a function (f)

and additive noise iS are required that can be used to calculate the next state in terms of

the present state as

4 = +^fc-l. (3-6)

w is assumed to be additive Gaussian noise with zero mean and covariance matrix Qk—\-

The state transition function (j) extrapolates from the state at time interval fc-l to the next

state at time interval k. The linear and angular velocities are assumed constant so that
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Fig. 3.1. Functional block diagram of estimation problem showing operations involved in
pose estimation method from optical imaging to state estimate produced by the iterated
extended Kalman filter.
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~  Translation updates are also straightforward if

the velocity between time intervals is assumed constant.

The quaternion propagation in time must be derived. The differential equation is

given in Equation 3.5 where quaternion multiplication is applied. An alternate form where

is expanded to its equivalent 4-by-4 matrix is

^=2

0 -<^x

3

1

-UJz

0 -Uz Uy

Uy <^z 0 ~^x

UJz -Uy ^x 0

q = ilq. (3.7)

The solution when all are constant is

(3.8)

which is similar to that given in [75]. Since is an orthogonal matrix and a skew-

symmetric matrix, the eigenvalues axe ±i,±i [93]. After solving for the closed form of

the matrix exponential [94], the solution, when simplified, is

g(<) = cos
(■ II^IK^ ^k))j , ^ —^)Q

Qi^k)- (3.9)

The state transitions for each variable have now been defined. The state transition

function is
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<t>ki^ =

tx + TVx

ty + TVy

tz + TVz

Qtranli^k)

(3.10)

where

Qtran ~

Qtran 4-by-4 quaternion transition matrix.

3.4 Measurement Model

The measurement update equation is

(3.11)

h = ̂k{h)-^h- (3.12)

The measurement noise is a zero mean, Gaussian sequence, with covariance matrix

R]^. hf. comprises the 3-D transformation and perspective projection functions shown in

Figure 3.1. Since the dual quaternion operation transforms lines to lines, the given model

features from the object axe lines represented as dual vector quaternions
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h ~ h (3.13)

where /j is the unit direction vector of the line and mj is defined as pj x with pj being

the coordinates of a point p on the line i.

The minimum number of model lines is four for coplanar lines and six for noncopla-

nar lines to calculate a consistent unique pose. The following equation is used to calculate

each transformed line:

= Qhf- (3.14)

Perspective projection is then applied to the transformed lines. The projected line lies in

a plane defined by the 3-D line and the center of projection. This plane is described by

the equation

m^x + TUyy + m^z = 0 (3.15)

that intersects the image plane at z = —X. The result is an equation of the projected line

in the z = — A plane,

+ ̂yVi = m^X, (3.16)

where and pj are the image plane coordinates. Placing this equation in a normalized

form results in

'mA——+ , nn = I (3.17)
m? -t- \ hni + 4 rn?' -I- m?X  y y X y y X y

Prom this equation, the direction vector of the image line is
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u =

V
my

rn^+m?
X  y

Tn~

m^+m?
X  y

(3.18)

to^A

Im^+m?'W 71y

is the minimum distance from the origin to the line. Since the image plane is
 X y

located at z = —A, the distance from the perspective center is

dpc —

\2
m^A

+ a2 =
A|m|

y/

(3.19)

y

Since = p^xl^ where Pj is a point on the image line and mj defines the same plane as

m,

— dpc
m

\m\

A

rrfi + m2
X  y

=m.

The projected image line is now defined by a dual vector as

(3.20)

h = k + ̂'^r (3.21)

3.5 Representation of Lines in a Plane

A rationale for investigating lines as features as opposed to points or higher-order

curves is that planar surfaces are commonly found on manmade objects, particularly

in indoor environments. Intersection of these surfaces then results in 3-D lines. These

issues are discussed by Talluri in [95]. The image of an indoor environment containing
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these surfaces results in linear features in the image plane that can be extracted in a

straightforward procediure.

The result of the perspective projection from the 3-D lines is a set of dual vec

tor quaternion coplanar lines located in the image plane. Six parameters are required to

represent each of these lines. Since the lines are restricted to a known plane, however,

only two degrees of freedom are present. A format is also needed to compare these trans

formed lines with line features measured from the acquired images. The format used for

representing these lines is an x,y point called the line point. A line point is defined as

the intersection of the line feature with a line passing through the image origin that is

perpendicular to the line feature. Figure 3.2 illustrates the definition of the line point on

the image plane. The line point is unique for all lines except for those lines that pass

through the origin. For these cases, it is assumed the lines approach the origin with a

distance d but do not actually pass through the origin. The line point has the advantage of

minimum state representation and a simple distance measure as well as being continuous

for all lines. Other line representations such as slope, intercept or p, 6 have discontinuities

that cause considerable difiiculties when partial derivatives are taken in calculating the

lEKF operating point.

The line point is calculated from the dual vector image line as

Xip = (3.22)

Vlp ~ (3.23)

In terms of the 3-D line dual vector components.

X  TThrftTTh f . .

^' Ip ~ ̂ 2~T 2 (3-24)
^  -h wr

X  y
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Line Point

(xip.yip)

Line 1 + em

Fig. 3.2. Line point for a line in 2-D image plane is defined as the intersection point of
the line and a perpendicular line passing through the origin.
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m,im^

yip = ̂ 2 2- (3.25)
X  y

Line features from the acquired image are likewise placed in this representation as mea

sured variables.

3.6 Linearization of the State Transition Function

The linearized state transition matrix is computed as the partial derivative of the

state transition function with respect to each state variable and evaluated at time t =

The time dependency requires that it be computed at each state update. Formally, is

determined as

dx
(3.26)

x=xki-).

is a matrix of dimension n x n where n is the number of state variables. In the problem

being addressed here, n = 13. This matrix is
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$1.=

1  0 0  • • • T 0 0 0 0 0

0  1 0 0 r 0 0 0 0

0  0 1  • • • 0 0 T 0 0 0

0  0 0 0 0 0

Qtran Qu>

0  • • • 1 0 0 0 0 0

0 0 1 0 0 0 0

0  • • • 0 0 1 0 0 0

0  ••• 1 0 0

0  ••• 0 1 0

0  • • • 0 0 1

(3.27)

Qtran defined above in Equation 3.11. is defined as

/o _ ̂ Qtranli^k)
duj U=U>k

(3.28)

where oj = ujy is a 3-by-4 matrix. Each row may be computed separately

as given below. The partial derivative of Qtran^i^k) with respect to each Wj is

dQtranQih) _• .kkx , mr^sin(—) 1 f2 +

1  . Jwlr. dQ,\ , .
(3.29)

The partial derivatives of f2 with respect to u;^,, and a;^ are
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0 -1 0 0

dn 1 0 0 0

H

II

0 0 0 -1

0 0 1 0

0 0 -1 0

dn 0 0 0 1

dUJy
1 0 0 0

0 -1 0 0

0 0 0 -1

dQ 0 0 -1 0

dcvz 0 1 0 0

1 0 0 0

(3.30)

(3.31)

(3.32)

3.7 Linearization of the Measurement Function

The linearized measurement matrix is the partial derivative of the measurement

function with respect to each state variable and evaluated at time t = Thus, it is time

dependent and must be calculated at each measurement update step. Formally, H^. is

determined as

HkihH) =
dh{s)

ds s=h{-)-
(3.33)

Hk is a 2i-by-n matrix where i is the number of measured lines and n is the number of

states. For each measured line, the partial derivative of each line-point coordinate needs

to be computed
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drrij. dxip drriy dxip Qm^ (334)
dsi dm^ dsi drriy ds^ dm^ ds^

and

dsi druj. dsi druy dsf dsi

5j above is a state variable.

The dual quaternion transformation repeated here is

/ = ql^f. (3.36)

Expanding each dual quaternion gives

l + em = {r + es){l^ + em^){r* + es*) (3.37)

=  + e(W^s* + rm^r* + sl^r*). (3.38)

Let t = [0 t] be a quaternion where t is the three-element translation vector. Then,

s = 2^^ [11]- Substituting in the above equation and solving for m gives

m = rm^r* + + ̂trl^r* (3.39)

using the relation s* = m is in terms of the state variables. The quaternion

multiphcations may be replaced by the corresponding matrix forms to give

TTi Mj.M^ ̂ rn d" 2 2 ^ttl' (3.40)
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Factoring results in

+  ̂ 1 + — + —
m =Mj.M TUfji + (3.41)

r*Let R and =Mf + M^*. R has the standard 3-by-3 rotation matrix in

the lower right submatrix. The partial derivatives of m with respect to each state variable

can now be calculated

dm _ 1
dti 2 dti

Rl
m

(3.42)

where is one of the three translation variables;

dm dR 1 dR
(3.43)

where is one of the four rotational quaternion variables;

dm

dv;
= 0 (3.44)

where Uj is one of the three linear velocity variables; and

dm

duA
= 0 (3.45)

where is one of the three angular velocity variables. also has a simplified form,

H+t*

0 0 0

0 -2^3 2^2

2^3 0 -2t;

-2t2 2ti 0
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and axe quaternions that compose the dual quaternion representation of the object

model and are known from the geometric description of the model. The matrix R is

R =

1 0 0 0

0 ql + q\-q\-ql 2(gi92 " ^O^s) 2(9193 + go92)

0  2(9192 + 9093) " 9? + 92 ~ ̂3 2(9293-909l)

0  2(9193-9092) 2(9293+ 9o9l) 9o ~ 9i " 92 + 93

(3.47)

The partial derivatives of R with respect to each rotational quaternion variable are

0  0 (1 0

dR _ 0  290 -293 292

^90
0  293 290 -291

0 -292 291 290

0  0 0 0

dR _ 0 291 292 293

dqi
0  292 -291 "290

0  293 290 -291

0  0 0 0

dR _ 0 - 292 291 290

dq2 0  291 292 293

0 -290 293 -292
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dR

dqz

0  0 0 0

0 -2^3 -2cjro 2qi

0  2^0 -2^3 2^2

0  2qi 2q2 2q^

(3.51)

The partial derivatives of with respect to each translational variable are

t+r

dtr

0 0 0 0

0 0 0 0

0 0 0 -2

0 0 2 0

(3.52)

dM,t+t*

0  0 0 0

0  0 0 2

0  0 0 0

0-2 00

(3.53)

dt2

0 0 0 0

0 0-2 0

0  2 0 0

0 0 0 0

(3.54)

The partial derivatives of the image points xip and yip with respect to each element of m

are given below:
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2

^ - 7-2 ^-2, 2 2n2 (3.55)^x {ml + mp {ml + m^Y

dx]„ Am~m„my

^ = -2 2 2^2 (3-56)dmy {ml + mp^

d^lp _ Xm^
dm^ {ml + mp (3.57)

dyijj Xm-mym^
^ = -2, 2 2^2 (3-58){ml + m2)2

^ ̂ Am,
dmy {ml+mp (m2+m2)2

dyip _ ><my
dmz {ml + mp. (3.60)

3.8 Iterated Extended Kalman Filter Representation

The required elements of the lEKF axe given above. An initial estimate is required

based on prior knowledge. An initial error covariance matrix, Pq, that is dependent on the

prior knowledge must be specified. Process and measurement noise covariance matrices,

Q]^ and Rf., respectively, must also be specified. After each iteration, the derived partial

derivatives with respect to each state variable axe calculated to determine the linearized

equations for the Kalman filter. With the updated state estimate, a new linearization

is then performed about this state. Several iterations about the present state are then

performed converging to the most accurate estimate.
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3.9 Extension of Iterated Extended Kalman Filter to Estimate Struc

ture

When the object or scene geometry is unknown, the method described above is not

siifficient since the 3-D model parameters are assumed known. In this section, the estima

tion method is extended to estimate structure in addition to the position and orientation.

The structure is estimated in terms of line features for consistency with the previously

developed theory. Both pose and structure are estimated simultaneously. However, with

out prior information about an absolute dimension of the object, the structure and the

translation can only be estimated to within a scale factor due to perspective projection

[75]. A small object in close proximity to the camera will project the same image as a

large object far away. Rotation, on the other hand, can be determined absolutely. This

section gives the representation of the structure by lines and the extensions to the lEKF.

3.9.1 Structure Representation

Lines have been represented above by the dual vector I + em where I is the direction

vector normalized to unit magnitude and m = px I with p being a point on the line. The

magnitude of m is equal to the perpendicular or shortest distance from the origin to the

line. Also, since m is orthogonal to I, m • I = 0. Using this latter relation to estimate the

sixth, five state variables are estimated per line. These variables are:

[ma; my m^ ly^ . (3.61)

can be derived from the dot product relation. The normalization relation for I is applied

after is calculated. This step is analogous to the quaternion normalization performed

after the measurement update. The state vector given by Equation 3.1 is extended by 5n

variables where n is the number of structure lines being estimated.
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3.9.2 Extension to State Transition

Since the structure is assumed constant with time, the extension to the state tran

sition function and the state transition matrix straightforward. For the

state transition function, additional elements corresponding to the number of structure

variables axe added to the vector function to give an identity update. Additional columns

axe appended to the state transition matrix with an identity update for the corresponding

state variable and zero in all other terms. Each structure line extends the matrix by five

columns.

3.9.3 Extension to Measurement Update

The measurement update requires the partial derivatives of the image plane pa

rameters with respect to each state variable. As given previously, the relation between

the camera referenced line parameter vector m and the object referenced line is

(3.62)

The partial derivatives of m with respect to each additional state variable have the foxm

for the vector

dm

dm
m

dmxldm^^ dmyldm^^ dmjdm^^

dm^jdm^^ dmyldm^^ dmjdm^^

dm^jdm^^ dmy/dm^^ dm^/dm^^ ̂

(3.63)

which is just the transpose of the rotation matrix. For the vector Z™, the result is

dm „,r
(3.64)
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This expression is in terms of the translation and rotation and, as above, does not depend

on the particular state variable. The first two rows correspond to the state variables

and Ijji . The measurement update matrix is augmented with these values during
X  y

estimation with the lEKF.
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Chapter 4

Noise Analysis

4.1 Analysis of Line Noise

In the simulation tests, noise is applied to the projected image points of the model.

The noise is assumed to be additive, independent, identically distributed Gaussian noise.

These noisy points axe then used directly as measurements for the reference point method

against which the line method is compared. Prom these noisy points, lines are formed

by connecting pairs of points. These lines, as represented by line-point parameters given

in Chapter 3, are used as measurements for the line method. Since the noise for the

points is independent with respect to x and y as well as each other, the measmrement

error covariance matrix for the point method is a straightforward diagonal matrix whose

diagonal elements are the noise variances while the off-diagonal terms are zero. Figure

4.1 shows the noise added to the points as well as the variation of the line connecting

the points. The noise characterization of the line, however, is not as simple as that for

the points. The line-point measurement error covariance matrix has significant cross-

covariance terms and is dependent on the location of the points within the image as well

as the noise statistics. In this chapter, the derivation of the probability density function

(pdf) for the x and y line-point parameters is given along with the determination of the

covariance matrix. An approximation to the covariance matrix that permits real-time

implementation is also shown.
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•"t-.

p2 (mx2,my2)

pi (mxi,myi)

a

^ ••••

Fig. 4.1. Diagram showing a point pair with a noise radius of one standard deviation
and the corresponding range of variation of the line connecting the points.

4.1.1 Probability Density Function of Line-Point Parameters

Consider two image points, pi and p2, in an image where the x and y positions

of both points are independent, identically distributed Gaussian random variables. Con

necting these points as shown in Figure 4.1 produces a line whose line-point values can be

expressed as a function of the end point x and y locations. The problem addressed here is

to calculate the pdf of the x and y line-point values given the pdf of the end points. The

end points are assumed to have a Gaussian density function. These pdf's are given below;

Pxi (3^1)

Px2(^2)

Py^iVl)

^2/2(2/2)

1  /
exp ' —2y/^a

1

1

y/^a

1

y/^a
-

exp

exp —

exp —

^2

{^2
2ct2

(yi
2^2

(y2
2^2

(4.1)

77



where is the mean value of point i.

The standard deviation a of the point noise is assumed to be the same for all points.

Mean values are the mean projections of the 3-D point on an object to the image plane.

To simplify the derivation, the following intermediate transformation is initially defined:

= 1(^2

Vd = \iy2-yi)

ys = \iy2 + yi)- (4-2)

The pdf of a variable y given y = f{x), and the pdf of x is [96]:

(  \ Pxi^)
x=f l(j/)

(4.3)

provided there is a one-one correspondence between x and y. Extending the pdf transfor

mation to two variables results in

where J is the Jacobean as defined by the determinant

u = fii^,y)

V = f2i^,y)
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J =
dujdx du/dy

dvjdx dv/dy
(4.5)

It is assumed that J exists, is continuous over the domain, and is nonzero. This

ensures that the Jacobean has the same sign over the variable domain. In cases where the

Jacobean is continuous but passes through zero, it is possible to consider the regions of

same sign separately in evaluating the pdf [97].

Applying the bivarate pdf transformation to the specific case being examined here

results in the pdf of Xg, j/g, x^^ and y^ in terms of the pdf of the point variables xj, X2,

yi, and j/2- First, the Jacobeans, Jx^Xg determined:

'^3:dXs ~
dxd/dxi dxd/dx2

dxg/dxi dxg/dx2

1  1
~2 2

1  1
2  2

(4.6)

"^ydVs ~
dyd/dyi dydldy2

dVs/dyi dys/dy2

1  1
_

~2 2

1  1
2  2

(4.7)

Applying the transformations in Equation 4.2 and simplifying gives

.  . ^'xixo ^2) , . . ,
PxdXgi^d^^s) = ^ = ̂Px^ixi)Px2i^2)

r^d^sl

\  ydVs]

Since the point random variables are statistically independent, the joint pdf's are equal

to the product of the individual pdf's. Substituting the Gaussian expressions for the pdf

of xj and X2 in this equation and combining terms gives
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Pxdx,i=^d^^s) = ;X~
25^

exp —-
(^s-^^rcJ

2s'

fyiySvd.Vs) =
(W - "^y/ \ / (a. - "»,)-

2s' 2s'
(4.9)

where ̂  standard deviation of the transformed variables x^i, Xg, y^, and yg.

Since Px^Xgi^d^^s) PydDs^Pd^ys) separated to give separate Gaussian

pdf's, PxJPxg Pyd.Pys'' ^di Psi Vd statisticaJly independent. As shown below,

this transformation simplifies the calculation of the pdf of the line-point parameters, xip

and yip, given below. The line point, as given in Chapter 3, can be found from the fine

direction and a point on the line. The direction vector I of the line formed by the two

points is

y-4

. /

+yd
Vd

(4.10)

A point p on the line is {Xg, yg), the line midpoint, and, since m = p x I, m is

m =

0

0

Vs^x

(4.11)

To recall the previously derived relation for xip and yip from Chapter 3,

^Ip ^y'^z Vlp ~ ^x^Z"
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Substituting for ly, and gives

Vs^dyd

^d yd

Note that the xip and yip axe duals in that the corresponding equations axe the same

except that x is replaced by y to convert from one equation to the other. Any result for

one term may be easily found for the other.

Since xip is a function of the derived variables, the pdf of xip may be found from the

transformation given by the form of Equation 4.4 except that four variables axe involved

in the transformation,

T  / ̂Ip^dydVs \
^Ip V x^yd^sVa )

Xg is eliminated in the transformation. Equation 4.13 is used to solve for Xg in terms of

the remaining variables giving

X, = (4.,5)
yd

The Jacobean J„, is
•''Ip
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J.
^Ip

d^lp dxip dxip dxip
"5^7

1 0 0 0

0  1 0 0

0  0 0 1

yl
4+yd'

(4.16)

(4.17)

here is positive and continuous and exists for all pairs of points that axe physically

separate. Substituting this result in Equation 4.14 gives

xH + yj
^  PxJ^^d)Py^{yd)Pxg{^s)Pygiys)- (4.18)

The products of the individual pdf's are shown instead of the joint density function

since all variables are independent. Integration of this expression provides the sought after

pdf of xip,

foo roc roc (^^ + y'^\Pxipi^lp) = [~yd~ j ̂='d^''d)Pyd<<yd)Pxgi^s)Pygiys)dxddyddys,
(4.19)

with Equation 4.15 substituted for Xg. This result has no direct analytical solution but

may be solved numerically. Figures 4.2, 4.3, 4.4, and 4.5 show several examples ofp^.^^ and

calculated numerically. The examples show two horizontal lines, a -1 slope line and

a +1 slope line. In axldition, the best-fit Gaussian is shown overlaid on the plot. For each
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Probability Density Function for x Line Point Given Horizontal Line End
Points with Additive Gaussian Noise

S.OOEi-OO

-0.3

S.OOEi^OO -■

4jD0E-f00 - ■

3.00E+00 -•

pdf

Gaussian
2.00E-I-00 -•

1.00E+00 -■

I  O.OOE-i-00

-0.2 -0.1 0 0.1 0.2

X Line Point (image Piane Coordinates in mm.)

Fig. 4.2. Probability density function of xip for 1.25 mm. length horizontal line centered
about the y axis, yg= 3.125 mm., point noise 0.02 mm. standard deviation. A best-fit
Gaussian pdf is also plotted, but the difierences are seen to be small.
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Probability Density Function for y Line Point Given Horizontal Line End
Points with Additive Gaussian Noise

30.00000

25.00000 --

20.00000 --

15.00000 --

10.00000

5.00000 --

0.00000

pdf

Gaussian

3.06 3.183.04 3.08 3.1 3.12 3.14 3.16

y Line Point (Image Plane Coordinates in mm.)

Fig. 4.3. Probability density function of yip for 1.25 mm. length horizontal line centered
about the y axis, yg— 3.125 mm., point noise 0.02 mm. standard deviation. A best-fit
Gaussian pdf is also plotted, but the difierences are seen to be small.
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Probability Density Function for x Line Point Given Diagonal Line
(-45 degrees) End Points with Additive Gaussian Noise

2.50E+00

2.00E+00 -

1.50E+00 -

1.00E+00 -

5.00E-01 -

O.OOE-i-00

pdf

Gaussian

11.5 12 12.5 13 13.5

X Line Point Omage Plane Coordinates in mm.)

Fig. 4.4. Probability density function of xip for 1.25 mm. length downward diagonal
line at a;g=12.5 mm., yg= 12.5 mm., point noise 0.02 mm. standard deviation. A best-fit
Gaiissian pdf is also plotted, but the differences are seen to be small.
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Probability Density Function forx Line Point Given Diagonal Line
(45 degrees) End Points with Additive Gaussian Noise

■■2:50&+e0

// i.floe*oo
//

\\
\\

u

fi lOK+oe

VOOC+OD

i.M*ao

V\2.00E+00

+00

r.ooE+00

5.00E-01 -

O.OOE+00

OA e.M OA

pdt

Gaussian

-0.6 -0.4 -0.2 0 0.2 0.4 0.6

X Line Point (Image Plane Coordinates In mm.)

Fig. 4.5. Probability density function of xip for 1.25 mm. length upward diagonal line
at Xg=12.5 mm., ?/g= 12.5 mm., point noise 0.02 mm. standard deviation. A best-fit
Gaussian pdf is also plotted, but the differences axe seen to be small.
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case, the Gaussian is seen to provide a good fit to the data. These examples show that for

a wide range of point-pair combinations, the pdf of the line point may be approximated by

a Gaussian. The motivation here is to show that the line-point measurement input noise

to the Kalman filter is approximately Gaussian, a condition necessary to achieve optimum

performance. Note also that the variance of the density functions is not equal to the point

noise variance and varies depending on the line configuration.

4.1.2 Covariance of xip and yip

In this section, the covariance expressions for the line-point parameters xip and yip

are derived. The expectation of the line-point parameter, xip in terms of the derived point

parameters, is

^Ip ~ fx^^diVdi^siys)
/oo roo roc roc

00 J—oo J—oo J 00
d^ddydd^sdVs'^ (4.20)

and, for yip, it is

yip fyi^d^yd^ ̂ s^ys)
/GO roo roo roo

-00 J-oo J-oo J-oo ^syys)Px^i^d)Pydiyd)Pxg i^s)Pys (Ps)
dxddyddxgdyg. (4.21)

The variance of xip is
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/oo TOO foo roo _ 2
y_ y_ /_ Pxji^d)Pyjiyd)Pxs(^s)Pys{ys)<^^ddyd<^^s<^ys'^00 •'—00 J —oo j —OQ^Ip

(4.22)

and, for yip, it is

/CO roo roo roo _ 2
-00 ./-oo ./-oo y-oo^^'^ ~ ̂̂ P^ Pxd(^d)Pyd(yd)Pxs(^s)Py,iys)d^ddyddXsdys

(4.23)

while the covariance of xip and yip is

2  /"OO /"OO _
i^ipPip) = J_^ J_^ J_^ y_^ i^ip - ̂ip) [yip - yip)Pxd ^PcdPxg i^s)Pys (ys)

dxddyddxgdyg. (4.24)

These expressions axe exact and may be solved numerically since no analytical

solution is known. However, a quadruple integration is computationally intensive. Simpli

fications are possible to reduce the required computation with one approach given here.

Equation 4.13 may be expressed in the form

2
xip = sin Oxg — sindcosdyg

2
yip = cos 03/g — sin0cos0Xg (4.25)

where



sin0 = —p==== and cos 9 = —=====. (4.26)

6 is the angle of the line measured with respect to the x axis. The range is restricted to

between — ̂  and ̂  since the signs of and are arbitrary depending on which point

is chosen as 1 and which is chosen as 2. The expected value or mean for the line-point

parameters can then be expressed as

xip — sin^ ^

yip = cos^ 9my^ — sin 6 cos 9m (4.27)

since 9 and Xg, yg are independent. This reduces the problem to calculating the means of

the trigonometric quantities

—^ roo roo y^

=2+I'd

.27^ roo roo x,

sin«cose = j^^j^^-^^^p^^{xj)py^(yj)dxjdy^. (4.28)

The integral here is only a double integral requiring considerably less computation

than the triple integral of Equation 4.20. The expressions for the variances and covariance

can also be simplified. These quantities are given below in terms of expectation operators:
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2  ~2~ - 2
% = %-^lp
2  _ ~2 - 2

^Vlp

^^ipvip ~ ^ipyip ~ ̂ipyip

9  9

where and are the variances of xip and yip, respectively, and is the

covariance of xip, yip. Substituting Equation 4.25 for xip and yip and simplifying gives

the following:

s^ = sin'^0(m^ + s^) — 2cos0sin^^m~ + cos^ 0sin^ + s^) — xfXip Xg s ifs Ug ip

= cos'^ + s^) — 2cos^6sindm^ rriy + cos^ 6sin^ 0(m^ + s^) — j/?
Vlp Vs ® 'P

0  0 Q 2 2

^UpVip ~ 2cos 6 sin Omj-^niy^—cos"^ 6 sin 6 {rriy +s )

-cos e sin^ e{Tr?^ +8^)- xipyip (4.30)

2
where s is the variance of Xg and j/g.

Each of the trigonometric expectations may be solved by double integration in

the form of Equation 4.28. These values are then used to calculate the variances and

covariances. Numerical integration has been used to calculate these covariances for several

9

cases of line orientation. Figure 4.6 shows the change in s for a 1.25 mm. long horizontal
^Ip

line centered about the y axis as increases from 0 to 12.5 mm. Figure 4.7 gives similar

results for a diagonal line at a 45 degree angle except that the large variability is in

. While the covariance is negligible for horizontal or vertical lines, the covariance is

maximum for a 45 degree slope line. Another factor that influences the variance is the
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Line Point Variance for Horizontal Line Centered about y Axis
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Fig. 4.6. Variance of line-point parameters for 1.25 mm. horizontal line centered on
the y axis as varies, point noise 0.02 mm. standard deviation, compared with point
noise variance, yip variance is always less than the point variance while the xip variance
becomes greater after only a small displacement.
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Line Point Variance for Diagonal Line Centered about y Axis
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Fig. 4.7. Vaxiance of line-point parameters for 1.25 mm. diagonal line (45 degree angle)
centered on the y ajcis as yg varies, point noise 0.02 mm. standard deviation, compared
with point noise variance, xip variance is always less than the point variance while the
yip variance becomes greater after only a small displacement.
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length of the line. As the line length increases, the variation in angle decreases resulting

in smaller variances.

This result is an important factor in the Kalman filter performance. The covari-

ances of the line points determine the values of the measurement covariance matrix in

the filter formulation. The magnitude of the covariances refiects the uncertainty in the

measurement. Where the covariance is low, the measured quantity has low uncertainty.

When the Kalman filter performs the measurement update, the input measurements are

weighted according to the covariance matrix values. In comparison with the point method,

the variances and covariances may be lower where the lines are longer and near the center

of the image. Short lines and lines farther away from the origin will have larger variances

than the points from which the lines are formed. The line method would be expected

to provide better estimates for objects in the center of the image than would the point

method. As the object moves significantly away from the center or moves away from the

camera, the performance advantage of the line method would be expected to decrease

and, at some position, to drop below that of the point method. The implication here for

a moving object or scene is that the measurement covciriance matrix must be updated

to provide the optimal weighing for the measurements at each sample instance. A fixed

covariance matrix would be expected to give worse performance than an adaptive one for

the same measurements.

4.2 Real-Time Implementation

The evaluation of the covariance values depends on the numerical double integration

of several terms. The direct numerical calculation of these quantities is not feasible for a

real-time implementation. An approximation, however, has been developed that enables

its use in real-time applications. In the expressions for the variance calculations above,

the expected values of the trigonometric quantities depend on and i^y^- For a scene
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with moving objects that are being tracked, the line features that are projected to the

image plane thus change with time. At each iteration, the measurement covaxiance matrix

R needs to be updated based on the variance of the line-point parameters. The following

procedure gives the steps needed for the real-time estimation broken down into preliminary

calculations and then the calculations done during each iteration.

The preprocessing calculations axe as follows:

Let m^j = cos^^sin-? 9. Calculate mjQ, mgi, '^120, "^02' "^40' '^31' '^22>

mi3, and ttiq^ for a table of angles from — ̂  to The number of steps stored

in this table determines the resulting accuracy of the estimate. For example,

100 steps would resolve the angle to 1.8 degrees. The variance terms are given

by

nj=^ij - n"^ion"^oi- (4-31)
i  j

vij is the variance of the corresponding sin^ 6 cos^ 6 term with respect to and

An initial variance and an initial line length axe assumed. These form the

variance and line length squared ratio. During each iteration, an adjustment

is made to the vaxiance based on the actual line length.

The run time processing calculations performed at each iteration axe:

Calculate the angle and length squaxed of each feature line. The vaxiance of

the Xfji and variables is assumed known. Calculate the ratio of the variance

and line length squared. Then, calculate the ratio of this quantity to the
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precalculated ratio. Index the moment and variance table according to the

nearest angle value. Then, calculate

S20 = 'T^io'^lO (4-32)

Sll = m^^QTTiQj + ratio vii (4.33)

and the remaining s^j terms in a similar manner. These terms are the

approximate expected value terms to be substituted in Equation 4.30. The

ratio is used to correct the variances for differences in line length and point

noise standard deviation.

The variances calculated using this simplified method are shown in Figures 4.6 and

4.7. The real-time method is seen to give good results in comparison with the true values.

Simulation results in applying this adaptive method are given in Chapter 5.

95



Chapter 5

Experimental Results

The theoretical model for the image-based pose and motion estimation method has

been developed in Chapter 3. A suitable application is a dynamic system application with

a recursive solution that can be used in a real-time environment. This chapter provides an

evaluation for this model through both simulation and actual physical system testing in

this environment. The purpose is to demonstrate that the method works, that it performs

accurately and reliably, and that the relative performance in comparison with other prior

methods is good.

A dynamic vision application for the approach is defined where a camera provides

the visual feedback for a robot performing a task. Simulation testing is presented first.

This testing measures the accuracy of the estimation under an assumed noise distribution

and magnitude. A target object with point features is used for the simulation. The

results are compared with corresponding results from a point-based extended Kalman

filtering method using an identical target to illustrate the performance difierences. Speed

of convergence, mean square error, and stability are presented and analyzed. In the second

part of the chapter, actual test results measuring relative motion and position from a robot

arm are presented. Relative accuracy and noise characterization are given.

5.1 Simulation Results

Simulation testing has been performed to evaluate the performance of the pose

estimation method under a variety of conditions. The results are obtained by varying

noise levels, initial conditions, and object complexity to characterize errors, convergence,
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and stability in the state estimate. The EKF calculates the state estimate that includes

the translation, the rotation quaternion, the linear velocity, and the angular velocity.

Mean square errors associated with each of these state variables are presented. Figure 5.1

shows the functional blocks associated with the estimation. The following dynamic model

assumptions given below were used for the simulation.

5.1.1 Dynamic Model

The object to be tracked is simulated, along with a camera located some distance

away viewing the object. The reference frame for the object is defined in terms of the

object and therefore moves as the object moves relative to a base coordinate reference.

The camera and its corresponding reference frame are fixed relative to this base frame.

A path for the object is defined in terms of its position and orientation over time with

respect to the camera reference frame

= fii) (5.1)

where x{t) is the position and orientation state vector and f{t) is, in general, a nonlinear

function of time. Smooth continuous motion is cissumed so that all time derivatives of the

state exist. In addition, f{t) is assumed to be the solution of a linear differential vector

equation. With these assumptions, a state vector composed of x and a finite number of

derivatives with respect to time of x permits the expression of the path motion as a linear

system model,

~ ̂true^fe—1' (5-2)

where $true ^ constant coefficient matrix of dimension n-by-n. n is the total number of

3-D parameters and derivatives required to represent the state Sf.. The simulated target
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Fig. 5.1. Functional block diagram of the estimation problem showing the operations
involved in the pose estimation method from optical imaging to state estimate produced
by the iterated extended Kalman filter.
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object staits at an initial position and orientation aligned with the camera reference and

separated by a distance of 1000 cm. in the z-axis direction. The position and orientation

are modeled by the set of variables

pose = {x y z e^. By e^} (5.3)

where 6^., 9y, and 6^ are rotation angles about the x, y, and z axes, respectively. These

orthogonal rotation angles are commonly referred to as pitch, yaw, and roll. A trajectory

is defined for the simulation that assumes constant velocity in all state variables.

5.1.2 Model Trajectory

For the given trajectory with constant velocities, each pose variable has the form

= Cjt + di (5.4)

with velocity Cj and initial value d^. In this formulation, the state vector is defined as

rn

s  [x y z 6j. 9y 9^ v^. Vy cOy . (5.5)

The value of the second derivative of the ith state variable is

s = Wi (5.6)

where lOj is a white noise sequence firom N{Q,o). Forming the transition matrix for the

state sequence gives
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= ̂k-lh-1 =

1 0 0 0 0 0 qr O 0 0 0 0

0 1 0 0 0 0 0 C2t 0 0 0 0

0 0 1 0 0 0 0 O C3T O 0 0

0 0 0 1 0 0 0 0 0 c4r 0 0

0 0 0 0 1 0 0 0 0 O C5T O

0 0 0 0 0 1 0 0 0 0 O cgT

0 00 0 0 0 1 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0

0

0 0 0 0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 0 0 1 0 0 0

0 00 0 0 0 0 0 0 1

0 0 0 00 0 0 0 0 0

0  0

0

1

(5.7)

with time interval r and initial state vector

sq = [di d2 ^3 ^4 £^5 dQ cj C2 C3 C4 C5 cs]"' (5.8)

5.1.3 Camera Model

An ideal camera model is used in the simulation. Perspective projection is assumed

for the camera with a known effective focal length. No lens distortion correction is applied.

Image acquisition and feature extraction are assumed performed so that the simulated

measiurement data corresponds to the location of the feature in the image plane in actual

units. Noise of an assumed magnitude and distribution is added to the image feature

locations before processing.
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5.1.4 Object Model

A target object is simulated with individual feature points. Pairs of these points,

when extracted from the image plane, are connected together to form lines. For these tests,

two objects were defined. The first has four coplanar points in a rectangular pattern. The

second target has six points with four being coplanar, as with the first target, and two

located outside the plane. Figure 5.2(a) shows the dimensions and the shape of the four-

point target while Figure 5.2(b) is for the six-point target.

SQjnni OO

53.9 rtim.

100 mm.
80 mm

100 mm

b)

Fig. 5.2. Target shapes and dimensions used in the simulation experiments: (a) four-point
coplanar target, and (b) six-point polyhedral 3-D target.

5.1.5 Estimation Model

The lEKF proposed here is used to estimate the position, orientation, and cor

responding velocities of the object with respect to the camera. The noisy image plane
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feature locations are used as inputs along with the a priori knowledge. As previously

given, the estimated state vector is

r  -iT
s=[x y Z qq qi q2 93 Vy u)^ Uy . (5.9)

5.1.6 Comparison Model

To evaluate the proposed method, a comparison model for estimation using an EKF

has been simulated based on previous work [75]. The state vector of estimated variables

is the same as Equation (5.9) above. Point features instead of line features are used for

input measurements. The frame transformation for a point x is modeled as

X = Rx + t. (5.10)

The same series of simulated tests were performed on this model. A comparison of results

that shows the performance differences obtained between the two methods is given.

5.1.7 Initial Conditions

Initial conditions requiring specification include the initial state, sq? the error

covariance matrix, Pq . The state vector may be considered a collection of Gaussian random

variables with covariance Pq. The initial state is a sample taken from each random variable.

Process noise given by the covariance matrix Q is also specified as an initial condition for

the simulations, remaining constant throughout. Similarly, measurement noise given by

the covariance matrix R is specified initially as a constant.

5.1.8 Me£isurement Noise Model

Optimal linear Kalman filtering assumes that both measurement noise and process

noise are zero mean, Gaussian distributed. A Gaussian distribution is generally a good
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approximation for phenomena that are the result of a large number of random fluctuations.

However, in the case considered here, line or point features are extracted from a 2-D

digital image containing pixels quantized to discrete locations. The measurement noise

corresponds to the variation in location of the feature from successive image frames. As

given by [98], the actual feature locations are not always closely approximated by a

true Gaussian distribution. Since the pixels are quantized and since the features are

very localized within the image, a more exact noise model is used. This model is a zero

mean, truncated Gaussian distribution in which no noise samples are present exceeding

an integral number of standard deviations. In this section, the truncation factor is set at

two standard deviations of the normal Gaussian distribution.

5.1.9 Test Results

Simulation tests were performed using the four-point object model. These tests

give both a sample run and the experimentally determined RMS error over time for the

model trajectory. In addition, the point-based lEKF method was implemented and tested

under simulation as a basis for comparison. The results show data from both methods.

Table 5.1 gives the initial state conditions for the simulation using the trajectory

described above with a four-point geometric model. The initial states axe the same for

both methods. Table 5.2 gives the assumed initial error covariance diagonal terms and

the process noise covariance diagonal terms for both the dual quaternion method and the

point method used for comparison. Note that the process noise is different for each

method. In all cases, the off-diagonal terms of the covariance matrices are zero. For these

tests, the simulated sample interval is 0.1 second. In these tests, the nonadaptive dual

quaternion measurement error method was used. The error values were held constant over

the entire measurement interval.
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Table 5.1.

Actual and assumed initial states of the extended Kalman filter for the four-point simu
lation tests. The initial states are the same for both the dual quaternion method and the
point method.

State

Translation

X y z

(mm.)

Quaternion

% Ql 12 13

Linear

Velocity
X y z

(mm./sec.)

Rotational

Velocity
X y z

(rad./sec.)
True Initial State 10 10 1000 1000 -5 2-5 -0.03 0.05 -0.2

Initial State Estimate 0 0 990 0.9998 0.01 0.01 0.01 0 0 0 000

Table 5.2.

Dual quaternion method and point method initial error covariance matrix ajid process
noise matrix diagonal terms of the extended Kalman filter for the foiu-point simulation
tests.

Noise Covariance

Translation

X y z

(mm.^)

Quaternion

90 1l 12 13

Linear

Velocity
X y z

r\

(mm./sec.)

Rotational

Velocity
X y z

o

(rad./sec.)
Dual Quaternion
Error Covariance

100 0.01 100 0.1

Dual Quaternion
Process Noise

10"^ 10"^

1

o

A
1

o

Point Method

Error Covariance

100 0.01 10 0.1

Point Method

Process Noise

10"^ lO"'' 10"^ 10"''
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The input noise is a truncated Gaussian with a standard deviation of 0.02 mm.

as described above for the measurement noise model. This noise level corresponds to

approximately four percent of the image size in the image. Based on this noise level,

the measurement error covariance matrix has diagonal elements of 0.0004 mm. for each

measured variable. The off-diagonal terms axe all zero. Although the dynamic model is

the same for both the dual quaternion method tests and the comparison method tests,

tuning and stabilization adjustments were required for both methods. Nonzero process

noise quantities were needed even though the dynamic model assumed no process uncer

tainty. The resulting process noise and initial error covariance diagonal are given in the

table. These values represent experimentally determined optimum values for the assumed

dynamic model. Stability was a significant problem for the reference method with this

level of noise. Estimate errors occasionally became unbounded when no process noise was

used. Stability was not as great a concern for the dual quaternion method since the errors

did not become unbounded, reaching approximately ten percent error in the 2-translation

parameter. Significant improvements in errors were achieved, however, by adjustment of

these values. Error results are given later in this section.

Figures 5.3 through 5.15 show the results of a sample run with the four-point model

where the true path is shown along with the dual quaternion estimated values and the

comparison method estimation. The simulation was run for a time of 30 seconds with a

measurement interval of 0.1 second. As can be seen, the estimates from both methods

track the state variables reasonably well. However, the depth estimates, z and ^.nd

angular velocities show larger differences, particularly as shown in the z axis, Figiue 5.5;

linecir z-axis velocity. Figure 5.12; and the angular y-axis velocity. Figure 5.14. The dual

quaternion method settles to the correct value faster than the point-based method for

these cases. For linear y-axis velocity the point method has a larger overshoot before

settling. Further details are shown in Figures 5.16 through 5.28.
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Pose Estimation Results for x Translation

Point estimate

True

Line estimate

Time (sec.)

Fig. 5.3. tj. translation pose estimate simulation results with a four-point target showing
linear translation over time for the line method, the comparison point method, and the
true X translation value from a sample run. Both methods are seen to give good estimation
results for this axis.

Pose Estimation Results for y Translation

SO • -

^ 40 • v ^

V> 30

.1 I

- Point estimate

True

- Line estimate

Time (sec.)

Fig. 5.4. ty translation pose estimate simulation results with a four-point target showing
linear translation over time for the line method, the comparison point method, and the
true y translation value from a sample run. Both methods are seen to give good estimation
results for this axis.



Pose Estimation Results for z Translation

—— Point estimate

True

Line estimate

Time (sec.)

Fig. 5.5. translation pose estimate simulation results with a four-point target showing
linear translation over time for the line method, the comparison point method, and the
true z translation value from a sample run. More deviation from the true value is seen for
this axis than in x and y although the errors are not large.

Pose Estimation Results for Quaternion Element a.

—  Line estimate

Point estimate

Time (sec.)

Fig. 5.6. go quaternion pose estimate simulation results with a four-point target showing
constant rotation over time for the line method, the comparison point method, and the true
go quaternion value from a sample run. Both methods are seen to give good estimation
results for this state variable.



Pose Estimation Results for Quaternion Eiement q,

£ -o.os
E

Time (sec.)

Fig. 5.7. Qi quaternion pose estimate simulation results with a four-point target showing
constant rotation over time for the line method, the comparison point method, and the
true Qi quaternion value from a sample run. More deviation from the true value is seen
for this axis than in the qq estimate with significant errors occurring at the beginning and
at the end.

Pose Estimation Results for Quaternion Element q^.

True

Line estimate

Point estimate

1

Time (sec.)

Fig. 5.8. 92 quaternion pose estimate simulation results with a four-point target showing
constant rotation over time for the line method, the comparison point method, and the
true 92 quaternion value from a sample run. More deviation from the true value is seen
for this axis than in the qq estimate with significant errors occurring at the beginning and
at the end.



Pose Estimation Results for Quaternion Element qa

True

Line estimate

Point estimate

Time (sec.)

Fig. 5.9. 93 quaternion pose estimate simulation results with a four-point target showing
constant rotation over time for the line method, the comparison point method, and the true
93 quaternion value from a sample run. Both methods are seen to give good estimation
results for this state variable.

Pose Estimation Results for x Linear Velocity
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-A n *i t

True

— — — Line estimate

Point estimate

Time (sec.)

Fig. 5.10. translation velocity pose estimate simulation results with a four-point
target showing constant linear velocity over time for the line method, the comparison
point method, and the true Vj. velocity value of -5 mm./sec. from a sample run. Both
methods are seen to give good estimation results for this axis after the initial settling time.



•f -.s *•^1^
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Fig. 5.11. Vy translation velocity pose estimate simulation results with a four-point
target showing constant linear velocity over time for the line method, the comparison
point method, and the true Vy velocity value of 2 mm./sec. from a sample run. Both
methods are seen to give good estimation results for this axis after the initial settling
time.

Pose Estimation Results for z Linear Velocity
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Fig. 5.12. translation velocity pose estimate simulation results with a four-point
target showing constant linear velocity over time for the line method, the comparison
point method, and the true velocity value of -5 mm./sec. from a sample run. The line
method estimates are seen to settle faster to the true value and with less error than the

point method.



Pose Estimation Results for Angular Velocity about x Axis

Line estimate

Point estimate

o -0.05 n

i2 -0.1 -K'Sj:?:!

Time (sec.)

Fig. 5.13. (jjj. angular velocity pose estimate simulation results with a four-point target
showing constant angular velocity over time for the line method, the comparison point
method, and the true Uj. angular velocity value of -0.03 rad./sec. from a sample run. Both
methods are seen to give good estimation results for this rotation angle after the initial
settling time, although, higher divergence is present for the point method near the end of
the simulation.

Pose Estimation Results for Angular Velocity about y Axis
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Fig. 5.14. u}y angular velocity pose estimate simulation results with a four-point target
showing constant angular velocity over time for the line method, the comparison point
method, and the true uiy angular velocity value of 0.05 rad./sec. from a sample run. Both
methods are seen to give good estimation results for this rotation angle after the initial
settling time, although, higher divergence is present for the point method near the end of
the simulation.



Pose Estimation Results lor Angular Velocity about z Axis

True

Line estimate

Point estimate

Q  -0.1

*
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Fig. 5.15. angular velocity pose estimate simulation results with a four-point target
showing constant angular velocity over time for the line method, the comparison point
method, and the true angular velocity value of -0.2 rad./sec. from a sample run. Both
methods are seen to give good estimation results for this rotation angle after the initial
settling time.

Pose Estimation Er Translation

Point error

Time (sec.)

Fig. 5.16. translation pose estimate simulation results for a fom-point target showing
linear translation estimation error over time for the line method and the comparison point
method from a sample run. The deviation for both methods is seen to be small with
similar errors over the simulation time.



Pose Estimation Error for y Transiation

Fig. 5.17. ty translation pose estimate simulation results for a four-point target showing
linear translation estimation error over time for the line method and the comparison point
method from a sample run. The deviation for both methods is seen to be small with
similar errors over the simulation time.
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Pose Estimation Error for z Translation
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Fig. 5.18. translation pose estimate simulation results for a four-point target showing
linear translation estimation error over time for the line method and the comparison point
method from a sample run. The deviation for both methods is larger than for the x and
y translations. Response time is faster for the line method with somewhat smaller errors
over the simulation time.



Pose Estimation Error for Quaternion Element qo
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Fig. 5.19. qq quaternion pose estimate simulation results for a four-point target showing
rotation estimation error over time for the line method and the comparison point method
from a sample run. The deviation for both methods is seen to be small with similar errors
over the simulation time.
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Fig. 5.20. Qi quaternion pose estimate simulation results for a four-point target showing
rotation estimation error over time for the line method and the comparison point method
from a sample run. The deviation for both methods is seen to be small with similar errors
over the simulation time except at the end where the point method has somewhat larger



Pose Estimation Error for Quaternion Element q2
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Fig. 5.21. q2 quaternion pose estimate simulation results for a four-point target showing
rotation estimation error over time for the line method and the comparison point method
from a sample run. The deviation for both methods is seen to be small with similar errors
over the simulation time except at the end where the point method has somewhat larger
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Fig. 5.22. 93 quaternion pose estimate simulation results for a four-point target showing
rotation estimation error over time for the line method and the comparison point method
from a sample run. The deviation for both methods is seen to be small with similar errors
over the simulation time.



Pose Estimation Error for Linear x velocity

Point error

Time (sec.)

Pose Estimation Error for Linear y Velocity

Point error
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Fig. 5.23. translation velocity pose estimate simulation results for a four-point target
showing linear translation velocity estimation error over time for the line method and the
comparison point method from a sample run. The deviation for both methods is seen to
be small; the line method errors are somewhat less over the simulation time.

Time (sec.)

Fig. 5.24. Vy translation velocity pose estimate simulation results for a four-point target
showing linear translation velocity estimation error over time for the line method and the
comparison point method from a sample run. The deviation for both methods is seen to
be small; the line method errors are somewhat less over the simulation time.



Pose Estimation Error for Linet

~ ' "li ' i

v^HJ
:  1

■»)

Time (sec.)

Fig. 5.25. translation velocity pose estimate simulation results for a four-point target
showing linear translation velocity estimation error over time for the line method and the
comparison point method from a sample run. The deviation for both methods is seen to
be larger than for the x and y velocity estimates. The line method has faster settling time
with somewhat lower errors than the point method over the simulation time.
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Fig. 5.26. u}j. angular velocity pose estimate simulation results for a four-point target
showing constant angular velocity error over time for the line method and the comparison
point method from a sample run. The deviation for both methods is relatively large
compared with the true velocity, although, the mean error is near zero.
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Fig. 5.27. ojy angular velocity pose estimate simulation results for a fomr-point target
showing constant angular velocity error over time for the line method and the comparison
point method from a sample run. The deviation for both methods is relatively large
compared with the true velocity, although, the mean error is near zero.

Pose Estimation Error for Anguiar Veiocity about z Axis
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Fig. 5.28. angular velocity pose estimate simulation results for a four-point target
showing constant angular velocity error over time for the line method and the comparison
point method from a sample run. The deviation for both methods is small compared with
the true velocity over the simulation time.



These figures give the sample estimation errors over the same period of time from

the same sample data. For the z-translation error, the initial convergence is seen to be

faster than the point-based method with somewhat less error over time. The velocity error

for linear z is significantly higher for the point method. The above results are for a single

representative run and are not necessarily typical. A further measure of performance is the

error over a large number of trials. Using the same initial conditions given in Table 5.1, a

series of tests were performed to experimentally measure the error. Figures 5.29 through

5.41 show the calculated RMS error over 100 sample runs for both the dual quaternion

line method and the quaternion point method. The difference between the two methods is

shown more clearly here since in almost all state variables, the dual quaternion method has

lower RMS error over the test time interval. The square root of the corresponding mean

diagonal element firom the calculated covariance error matrix is also shown in each figure.

This matrix in the linear Kalman filter is the predicted error covariance and depends

only on the initial conditions and noise models. In the nonlinear EKF, the covariance

matrix depends on the measurements and does not necessarily represent the actual error

covariance [92]. In these tests, the covariance matrix values correspond, generally, closely

to the actual error values for the dual quaternion method while large differences are present

for the point method. Specific anomalies are present in the quaternion variables. Near

the end of the time sequence, the dual quaternion RMS error shows a relatively large peak

not present in the previous data, which are slowly changing and have very low error.
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Fig. 5.31. translation pose estimate simulation results for a four-point target showing
linear translation root mean square estimation error over time for the line method and
the comparison point method calculated from 100 sample runs. The square root of the
predicted error covariance from the Kalman filter for both methods is also shown. The
root mean square error is seen to be significantly greater for the point method than for the
line method over the last half of the simulated time period. The Kalman filter predicted
error is close to the actual error for the line method.
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Fig. 5.32. 5o quaternion pose estimate simulation results for a four-point target showing
rotation root mean square estimation error over time for the line method and the com
parison point method calculated from 100 sample runs. The square root of the predicted
error covariance firom the Kalman filter for both methods is also shown. The root mean
square error is seen to be small for both methods over the simulated time period. The
Kalman filter predicted error for the line method greatly overestimates the actual error.
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Fig. 5.33. Qi quaternion pose estimate simulation results for a four-point target showing
rotation root mean square estimation error over time for the line method and the com
parison point method calculated from 100 sample runs. The square root of the predicted
error covariance from the Kalman filter for both methods is also shown. The root mean

square error is seen to be considerably larger for the point method than the line method
over the simulated time period. The Kalman filter predicted error for the point method
greatly underestimates the actual error while the predicted error for the line method is
close to the actual error except near the end of the time period.
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Fig. 5.34. 52 quaternion pose estimate simulation results for a four-point target showing
rotation root mean square estimation error over time for the line method and the com
parison point method calculated from 100 sample runs. The square root of the predicted
error covariance from the Kalman filter for both methods is also shown. The root mean

square error is seen to be considerably larger for the point method than the line method
over the simulated time period. The Kalman filter predicted error for the point method
greatly imderestimates the actual error while the predicted error for the line method is
close to the actual error except near the end of the time period.
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Fig. 5.35. 93 quaternion pose estimate simulation results for a four-point target showing
rotation root mean square estimation error over time for the line method and the com
parison point method calculated from 100 sample runs. The square root of the predicted
error covariance from the Kalman filter for both methods is also shown. The root mean
square error is seen to be small for both methods over the simulated time period. The
Kalman filter predicted error for the line method greatly overestimates the actual error.

RMS Error for x Translation Velocity

Line

Point

Cov. line
Cov. point

Time (sec.)

Fig. 5.36. translation velocity pose estimate simulation results for a four-point target
showing linear translation root mean square estimation velocity error over time for the
line method and the comparison point method calculated from 100 sample runs. The
square root of the predicted error covariance from the Kalman filter for both methods is
also shown. The root mean square error is seen to be significantly greater for the point
method than for the line method over most of the time period. The Kalman filter predicted
error is close to the actual error for the line method.
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Fig. 5.37. Vy translation velocity pose estimate simulation results for a four-point target
showing linear translation root mean square estimation velocity error over time for the
hne method and the comparison point method calculated from 100 sample runs. The
square root of the predicted error covariance from the Kalman filter for both methods is
also shown. The root mean square error is seen to be significantly greater for the point
method than for the line method over most of the time period. The Kalman filter predicted
error is close to the actual error for the line method.
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Fig. 5.38. translation velocity pose estimate simulation results for a four-point target
showing linear translation root mean square estimation velocity error over time for the
line method and the comparison point method calculated from 100 sample runs. The
square root of the predicted error covariance from the Kalman filter for both methods is
also shown. The root mean square error is seen to be significantly greater for the point
method than for the line method, particularly during the initial settling time. The Kalman
filter predicted error is close to the actual error for the line method but considerably
underestimates the actual error for the point method.
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Fig. 5.39. Wj. angular velocity pose estimate simulation results for a four-point target
showing angular root mean square estimation velocity error over time for the line method
and the comparison point method calculated from 100 sample runs. The square root of
the predicted error covariance from the Kalman filter for both methods is also shown. The
root mean square error is seen to be significantly greater for the point method than for the
line method over the latter portion of the simulation time. The Kalman filter predicted
error is close to the actual error for the line method but considerably underestimates the
actual error for the point method.
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Fig. 5.40. ujy angular velocity pose estimate simulation results for a four-point target
showing angular root mean square estimation velocity error over time for the line method
and the comparison point method calculated from ICQ sample runs. The square root of
the predicted error covariance from the Kalman filter for both methods is also shown. The
root mean square error is seen to be significantly greater for the point method than for the
line method over the latter portion of the simulation time. The Kalman filter predicted
error is close to the actual error for the line method but considerably underestimates the
actual error for the point method.



RMS Error for Angular Velocity about z Axis

Cov. line

— • Cov. point

15

Time (sec.)

Fig. 5.41. angulaj velocity pose estimate simulation results for a four-point target
showing angular root mean square estimation velocity error over time for the line method
and the compaxison point method calculated from 100 sample runs. The square root of
the predicted error covaxiance from the Kalman filter for both methods is eilso shown. The
root mean square error is seen to be significantly greater for the point method than for the
line method over the latter portion of the simulation time. The Kalman filter predicted
error is close to the actual error for the line method and for the point method.



5.1.10 Simulation Using Adaptive Noise Estimation

A simulation has been performed to compare the results using the adaptive mea

surement noise method in the lEKF with the nonadaptive version using a constant mea

surement covaxiance matrix. This simulation used a four-point target with a large offset

from the center of the image to show the effects of larger noise covariance in the line

point measurements. The point method was also simulated to compare the results for the

off-center object.

Table 5.3 gives the initial state conditions for this adaptive method simulation

with a four-point geometric model. Initial states are the same for all methods. Table 5.4

gives the assumed initial error covariance diagonal terms and the process noise covariance

diagonal terms for both the adaptive and nonadaptive dual quaternion method and for the

point-based method used for comparison. In all cases, the off-diagonaJ terms of the error

covariance matrices are zero. For these tests, a simulated sample interval of 0.1 second

is used. Note that the process noise covariance is the same for both dual quaternion

methods and is different for the point method. Both process noise and measurement noise

covariances were held constant for the nonadaptive dual quaternion method and for the

point method during the simulation while the measurement noise covariance terms were

varied based on the image line locations using the approximate real-time algorithm given

in Section 4.2.

The input noise is a truncated Gaussian with a standard deviation of 0.02 mm.

as described above for the measurement noise model. This noise level corresponds to

approximately four percent of the image size in the image. Based on this noise level,

the initial measurement error covariance matrix has diagonal elements of 0.0004 mm.^

for each measmed variable. The off-diagonal terms are all zero. The dynamic model is

the same constant linear velocity and constant angular velocity for both the adaptive and

nonadaptive dual quaternion method tests as well as for the point comparison method
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Table 5.3.

Actual and assumed initial states of the dual quaternion and point-based extended Kalman
filter for simulation comparison with the adaptive measurement noise line method, the
nonadaptive line method, and the comparison point method.

State

Translation

X y z

(mm.)

Quaternion

% Ql 92 93

Linear

Velocity
xy z

(mm./sec.)

Rotational

Velocity
X y z

(rad./sec.)

True Initial State 400 400 1000 1000 -5 2-5 .01 -.02 -.1

Initial State Estimate 390 390 990 .9998 .01 .01 .01 0 0 0 0 0 0

Table 5.4.

Dual quaternion method and point method initial error covariance matrix and process
noise matrix diagonal terms of the extended Kalman filter for simulation comparison
with the adaptive measurement noise line method, the nonadaptive line method, and the
comparison point method.

Noise Covariance

Translation

xy z

(mm.^)

Quaternion

90 9i 92 93

Linear

Velocity
X y z

(mm./sec.)

Rotational

Velocity
X y z

(rad./sec.)^
Dual Quaternion
Error Covariance

100 0.01 100 0.01

Dual Quaternion
Process Noise

10"^ lO"'' 10"^ 10"^

Point Method

Error Covariance

100 0.01 100 0.01

Point Method

Process Noise

0 0 10"^ 10"^
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tests. Tuning and stabilization adjustments were required for both methods and in some

cases axe different for each method. The resulting process noise matrix and initial error

covariance matrix diagonals axe given in Table 5.4. These values represent experimentally

determined optimum values for the assumed dynamic model. Stability was a significant

problem for all methods with this amount of x and y translation. Estimate errors occa

sionally became unbounded when no process noise was used. Significant improvements in

errors were achieved, however, by adjustment of these values. Figures 5.42, 5.43, and 5.44

show the RMS errors for the translation state variables ty, and t^, respectively. The

RMS errors were calculated over 100 sample runs for each of the methods. The graphs

show the results from the three simulation runs of 30 seconds. These results for each

variable are similar and show that the point method gives the most accurate results over

most of the simulated time with much less initial overshoot. The adaptive method has

less error and less overshoot than the nonadaptive method and converges near the end of

the simulation to give the least error. The results axe as expected from the analysis. The

large x and y translations give much higher noise variances for the line points than for

the individual points. The adaptive measurement method updates the measmement co-

variance matrix with the calculated variances to give better results than the nonadaptive

method.

5.2 Robot Arm Tests

Experimental testing has been performed using a robot axm equipped with a CCD

area camera and a computer system for processing images and controlling the axm. Static

tests using no relative motion axe used to characterize the mejisurement noise as well

as variation of the estimates. Tests were also performed with controlled relative motion

between an object and the camera.
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Fig. 5.42. translation pose estimate simulation results for a four-point target offset from
the image center. The figure shows linear translation root mean square estimation error
over time for the adaptive line method, the nonadaptive line method and the comparison
point method calculated from 100 sample runs, x and y translations were both initially
400 mm. The RMS error is seen to be significantly less for the point method than for
the adaptive and nonadaptive line methods over most of the time period. Initial error
overshoot is also much less with the point method. The adaptive line method shows less
error than the nonadaptive method over most of the simulation.
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Fig. 5.43. ty translation pose estimate simulation results for a four-point target offset from
the image center. The figure shows linear translation root mean square estimation error
over time for the adaptive line method, the nonadaptive line method and the comparison
point method calculated from 100 sample runs, x and y translations were both initially
400 mm. The root mean square error is seen to be significantly less for the point method
than for the adaptive and nonadaptive line methods over most of the time period. Initial
error overshoot is also much less with the point method. The adaptive line method shows
less error than the nonadaptive method over most of the simulation.
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Fig. 5.44. translation pose estimate simulation results for a four-point target offset from
the image center. The figure shows linear translation root mean square estimation error
over time for the adaptive line method, the nonadaptive line method and the comparison
point method calculated from 100 sample runs, x and y translations were both initially
400 mm. The root mean square error is seen to be significantly less for the point method
than for the adaptive and nonadaptive line methods over most of the time period. Initial
error overshoot is also much less with the point method. The adaptive line method shows
less error than the nonadaptive method over most of the simulation.



5.2.1 Experimental Setup

The experimental setup, a picture of which is shown in Figure 5.45, consists of a

Mitsubishi RV-E2 six-degree-of-freedom robot arm and a Cidtec CID2250D CID camera

used for image acquisition.

This camera is a progressive scan type, 30 frames per second. The image resolution

is 512-by-512 square pixels where each pixel is 0.015 mm. in width. The robot axm has

its own controller with a teach pendant for manually moving each of the six axes. The

picture also shows the object used for the initial tests, a rectangular figure firom which the

edges are extracted. The pose estimation is performed on a 166 Mhz. Pentium PC. The

robot is controlled remotely via a serial interface to the robot controller. A block diagram

of the entire configuration is shown in Figure 5.46. The remote robot control consists of

position, velocity, and acceleration commands. Low-level joint control is not accessible for

this arm. As a result, high speed, dynamic control of the arm cannot be demonstrated.

The functionality, however, does permit control at low update rates.

5.2.2 Dynamic Model

The system dynamic model is the same model described previously under the sim

ulation section. Position, orientation, and their first derivatives are state estimates.

5.2.3 Measurement Model

The measurement model for the experiment consists of the functions given in Figure

5.47. First, the image of the target object is acquired by the camera and the frame

grabber. Then, the object edges are extracted and the contour formed. Straight lines

are calculated next from the contour with length filtering performed to eliminate short

lines that could arise from extraneous features. Collinear lines are also combined into one

line. The resulting lines are used as inputs to the filter after conversion to the line point
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Fig. 5.45. Mitsubishi RV-E2 six-axis robot arm and the Cidtec camera used in the
experimental tests.
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Fig. 5.46. Block diagram showing the system hardware used in the experimental setup.
The hardware includes a Cidtec camera, frame grabber, PC compatible computer, and
Mitsubishi robot arm and controller.
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Fig. 5.47. Measurement functions applied to obtain line point measurements from the
camera image in robot arm experiments.
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parameterization. Correspondence to the known geometric model is established at this

stage.

5.2.4 Initial Conditions

In the experimental tests, an initial estimate of the relative pose between the camera

and the object is needed. This lax;k of knowledge is a significant difference from the

simulation tests where the initial pose is known and is used as the basis firom which the

initial estimate is formed. To overcome this difficulty, an alternate method is used to

provide an initial estimate of the pose. This method uses the four-point coplanar pose

calculation method of Abidi and Chandra [4]. The initial velocities axe set to zero as in

the simulation tests.

5.2.5 Measurement Noise Results

Preliminary tests were performed to characterize the measurement noise present

in the features extracted from the acquired image. These measurements were taken by

repeatedly acquiring images of the target with no relative motion. Approximately 500

images were analyzed. The approximate distribution is given by the histograms shown in

Figures 5.48 and 5.49 for a typical line point x and y coordinate.

The distribution is seen to have a single peaJc with no values outside an interval

—6 —5about the pealc. The variances for all eight coordinates ranged from 2 x 10 to 1 x 10 .

As expected from the results in Chapter 4, the noise approximates a Gaussian density

function.

5.2.6 Target Motion Results

The tests were performed with the target moving in a circular pattern around the z

axis at constant speed. A sample period is one second is used. The camera and robot arm
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Fig. 5.48. Histogram of the distribution of x line point measurement values from 500
camera images for a stationary target.
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Fig. 5.49. Histogram of the distribution of y line point measurement values from 500
camera images for a stationary target.



were directly above the target and stationary. The motion is confined to the x-y plane.

Figures 5.50 through 5.62 show the estimated response for each state variable over time.

Experimental Results for x Translation
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Fig. 5.50. translation pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a sinusoidal variation corresponding to
the true x variation of the target. Note the step response at the beginning of the target
motion.

As expected, the x and y translations vary in a sinusoidal pattern consistent with

constant circular motion. The ̂ -axis position is seen to vary with a small sinusoidal

component over the test interval along with apparent noise. Although the motion was

nominally in the x-y plane of the target and parallel to the image plane of the camera, the

setup was not calibrated precisely. Any nonparallelism would result in a small sinusoidal z

variation with time. In this test, the z variation is seen to be about 5 mm. The quaternion

estimates are also consistent with the actual motion. For motion about the z axis, only

and 93 should vary significantly in magnitude. The results demonstrate this since qi and
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Fig. 5.51. ty translation pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a sinusoidal variation corresponding to
the true y vaxiation of the target. Note the step response at the beginning of the target
motion.
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Fig. 5.52. translation pose estimate from experimental testing for constant target
motion about z axis. The estimate shows a noisy variation about a mean z value with a
small sinusoidal component. The true target 2 value is nominally constant.
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Fig. 5.53. qq quaternion pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a full 360 degree sinusoidal variation corre
sponding to the true go variation of the target as it moves through two complete revolu
tions.
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Fig. 5.54. gj quaternion pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a relatively small noisy variation about zero
in comparison to a true g^ constant value of zero.
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Fig. 5.55. q2 quaternion pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a relatively small noisy variation about zero
in comparison to a true ̂ 2 constant value of zero.
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Fig. 5.56. ^3 quaternion pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a full 360 degree sinusoidal variation corre
sponding to the true 93 variation of the target as it moves through two complete revolu
tions.



Experimental Results for x Linear Velocity
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Fig. 5.57. Vj. translation velocity pose estimate from experimental testing for constant
target motion about the z axis. The estimate shows a noisy sinusoidal variation compared
to the true x sinusoidal velocity variation of the target. Note the step response at the
beginning of the target motion.
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Fig. 5.58. Vy translation velocity pose estimate from experimental testing for constant
target motion about the z axis. The estimate shows a noisy sinusoidal variation compared
to the true y sinusoidal velocity variation of the target. Note the step response at the
beginning of the target motion.
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Fig. 5.59. translation velocity pose estimate from experimental testing for constant
target motion about z axis. The estimate shows a noisy variation about a mean z velocity
value of zero. The true target velocity value is nominally zero.
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Fig. 5.60. Wj. angular velocity pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a noisy variation about a mean velocity
value of zero. The true target velocity value is nominally zero.
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Fig. 5.61. u}y angular velocity pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a noisy variation about a mean Uy velocity
value of zero. The true target ojy velocity value is nominally zero.

Experimental Results for Angular Velocity about z Axis
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Fig. 5.62. angular velocity pose estimate from experimental testing for constant target
motion about the z axis. The estimate shows a noisy variation about a mean velocity
value of-0.06 rad./sec. The true target velocity value is nominally constant at -0.06
rad./sec.



92 vary little with no trend discernable. Linear velocity estimates similarly illustrate the

sinusoidal velocity components in x and y. The z linear velocity estimate, however, shows

significant noise present, masking the true velocity component which is near zero. Angular

velocity estimates show significant noise in the x and y components although the mean

appears to remain near zero. The angular z velocity, however, gives an accurate estimate

of the true rotational speed. The 0.06 rad./sec. velocity corresponds to a revolution time

of 105 seconds. This time has been verified to within one second. The z angular velocity

results also show the fast transient response of the initial start-up from no motion to the

constant rotational speed.

5.3 Test Results From Unknown Object Geometry

Experimental results to demonstrate structure and pose estimation are given in

this section. A more realistic object than the rectangular target used in Section 5.2 was

assembled from sections of PVC pipe. Figure 5.63 is a picture of the pipe object. Four

sections of straight pipe were connected using joints to form the object. No dimensional

information was known about the pipe prior to the experiment. The CIDTEC camera

mounted on the Mitsubishi robot arm and the computer system given in Figure 5.46 were

used for these tests.

5.3.1 Structure Estimation

The structure estimation is performed for linear robot arm motion and for rotational

motion. For comparison, a reference structure is calculated in terms of the line parameters

I and m given in Chapter 3. This reference method uses a stereo technique to calculate

the true dimensions of the pipe assembly. The details involved in calculating the true

3-D line parameters from the set of stereo images obtained with the robot arm are given
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Fig. 5.63. Pipe assembly used in the structure estimation robot arm experiments. The
picture shows the four segments of white PVC pipe joined together.



below. During operation, the structure estimates which are referenced to a local reference

frame are transformed to the calculated reference frame and then used for comparison.

5.3.1.1 Calculation of Actual Structure for Reference

The procedure used to calculate the actual structure is to move the robot arm over

the pipe, stop the motion, and then acquire 100 frames and extract the line parameters

of the pipe features for each frame. The arm is then moved 50 mm. in the positive x

direction; 100 frames were again taken with the line parameters calculated. The average

of the line parameters from each of the left and right positions is then calculated. Each

3-D pipe line feature is computed using the following relations. First, the normalized rrvh

values axe calculated from the image line points from each set of left and right points

=

Xxi

pJ\^+p

A2+p2

(5.11)

where A is the focal length and p = + vfp-
The fm^'s give the normal to the plane containing the object line, the image line,

and the optical center. The direction vector I is found from the cross product

r= X bright- (5.12)

The magnitudes of the m left and right vectors are still unknown. These can be expressed

in terms of the transformation between the left and right reference frames.

^left^^left ~ ̂right^^right + (^x /),
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where in this case t is the translation and is equal to [50 0 0] . An assumption is also

implicitly made that no rotation occurs, so that the direction vector is the same for both

the left and the right sides. Since only x translation is involved, the y and z components

of the above equation can be used to solve for the scale factor

^right (5.14)

An additional translation of 500 mm. in the positive z direction is then applied to place

the reference origin close to the object. The resulting structure data for the pipe is given

in Table 5.5 below.

Table 5.5.

Reference pipe line data as calculated by two image views separated by an x translation
of 50 mm. The data show the I and m components of the 3-D lines.

Line Iz my mz

0 -0.512 0.859 0 47.5 28.4 -30.2

1 0.846 0.453 0.281 -6.67 -40.9 85.7

2 -0.543 0.838 0.0482 0.332 -11.1 196.5

3 -0.981 0.194 -0.0171 -4.74 -4.68 218.384

5.3.1.2 Initial State Estimate

The structure is estimated relative to a fixed reference frame set during algorithm

initialization that depends on the relative position between the camera and the object.

Since the scale for translation and structvue is arbitrary, a normalization is applied to

ensure that the scale is fixed during state and measurement updates. This fixed frame is
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set by acquiring an initial image of the object before estimation begins. The state pose

variables axe set to the following;

90 = 1

91 = 92 = 93 = 0- (5.15)

This pose setting aligns the object reference frame's x and y axes with the camera reference

frame's axes. With no relative rotation, the ̂ -axis translation is calculated from the first

image line parameters:

iz = -
X

P
(5.16)

with p=^xfp + yfp.
Structiure line initial values axe normalized to the first line vector. These vectors

have the initial values

m =

I  =

0  0
-pt.

A
(5.17)

'Vlp ^ Q
P  P

The direction vectors, I, axe assumed to be parallel to the image plane.

152



5.3.1.3 Transformation of Structure Estimate Frame to Reference Frame

The object reference frame is dependent on the initial relative pose between the

camera and the object and vaxies with each start-up. A transformation is required to

compare the estimation results between different tests or to a known reference. For com

parison to the reference structure obtained through the stereo technique given in Section

5.3.1.1, the estimated structure must be transformed to the base reference frame. This

relationship between the estimated frame and the reference frame is given for each object

line by

W = Kiest (5-18)

"^ref ~ "I" ^ ̂  ̂ref

with rotation matrix R, translation vector t, and scale s to be determined.

R for the first equation can be found by application of the method given by Horn

for calculating the transformation between two 3-D reference frames [63]. For the second

equation, the error squared sum is

n—1 n—1

S 1^1^ = Z \^refi - " Wefi^ n (5-19)
1=0 i=0

This expression is minimized with respect to s and t by computing the partial derivatives

and setting them equal to zero. Solving for t results in

t =
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S ̂refi^refi)
.i=0

E"=o
(5.20)

and for s results in

!!)"_J' {R'^est^ )^''^refi ^^=0 ) ̂refj^
EfJo l^-Ses./

(6.21)

These expressions provide the least squared error transformation between the two frames.

This transformation is then applied to the estimated structure values to transform them

to the baseline reference frame. The reference and estimated values can, as a result, be

directly compared.

5.3.2 Response to Step Change in Motion

The structure estimates are obtained by introducing a step change in motion to

the robot arm holding the camera. The axes changed were the x axis, z axis, and the

roll axis about the z axis. In each case, only a single axis was moved at a time. Figures

5.64 through 5.71 give the results of the structure estimates when the z axis is moved.

These figures show the I and m components of the object lines. Also shown are the

true structure values. The estimates have been transformed to the reference frame using

the method in Section 5.3.1.3 above. Generally, good tracking of the structmre values

is obtained. As seen, the I estimates give somewhat more acciurate results than the m

estimates. Results from moving the other axes were similar.
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Fig. 5.64. Structure estimate of the three I line vector components for line zero with
motion along the z axis. The true structure values axe also shown for comparison. The x
and y components are close to the true values while the z component has a constant offset
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Fig. 5.65. Structure estimate of the three m line vector components for line zero with
motion along the z axis. The true structure values axe also shown for comparison. The y
and z components are accurately estimated while the x component has significant error.
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Fig. 5.66. Structure estimate of the three I hue vector components for hne one with
motion along the z axis. The true structure values are also shown for comparison. The
X and y components have small errors in the estimate while the 2 component is seen to
converge slowly to the true value.
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Fig. 5.67. Structure estimate of the three m line vector components for line one with
motion along the z axis. The true structure values are also shown for comparison. The
z component is estimated accurately while the x component is seen to converge to the
correct value. Error in y, though initially small, increases with time.
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Fig. 5.68. Structiire estimate of the three I line vector components for line two with
motion along the z axis. The true structure values are also shown for comparison. Accurate
estimates are obtained for all three components.
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Fig. 5.69. Structure estimate of the three m line vector components for line two with
motion along the z axis. The true structure values axe also shown for comparison. Accurate
estimates are obtained for all three components.



structure Estimation for Line L Vector

Fig. 5.70. Structure estimate of the three I line vector components for line four with
motion along the z axis. The true structure values are also shown for comparison. The x
and y components are close to the true values while the 2 component has a constant offset
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Fig. 5.71. Structure estimate of the three m line vector components for line four with
motion along the 0 axis. The true structure values are also shown for comparison. The x
and z components have relatively small errors while a constant offset error is present for
the y component.



Chapter 6

Summary and Conclusions

6.1 Summary

A new pose and motion estimation method has been developed and described in this

dissertation. This method iises an imaging technique with a single low-cost CCD camera

along with a reference object or scene to calculate estimates for relative six-degree-of-

freedom position and orientation as well as the associated velocity estimates. Intended

for real-time use, this method can be applied to robot vision, control, and assembly tasks.

For an object with unknown geometry, the method is also able to estimate the scaled 3-D

object coordinates. The system model for the method is based on line features, a dual

quaternion parameterization for the 3-D transformation, and the lEKF. The lEKF is

used as an estimator for the highly nonlinear imaging model. Development of the theory

and the overall approach is described in detail.

This approach provides two solutions for the 3-D estimation problem. For a rigid

object or environment whose dimensions axe unknown, the problem is to find the object

structure in terms of the line feature coordinates in the local 3-D reference frame from

the motion of the robot. Once the geometric target dimensions are estimated, the basic

method may then be applied to provide the pose and motion estimation. The full method

to estimate structure as well as pose and motion requires the estimation of many more

state variables than when the object dimensions are known. As a result, computational

requirements are also increased significantly and real-time application may not be feasible.
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A potential use for this method is on a mobile robot that is attempting to navigate

through a room with various kinds of obstructions such as pipes, columns, and other

equipment. The experimental testing has shown the feasibility of using this method in a

realistic application where objects with line features axe present. The testing demonstrated

the image acquisition, feature extraction, matching and feature correspondence to the

model, and then the pose and motion estimation as the robot moves within the scene.

Another potential application is in visual servoing whereby a camera-mounted robot arm

maintains a fixed position and orientation with respect to a moving object within a scene.

An analysis of the relationship of the measurement noise in the projected 2-D

image line parameters to the noise in associated point features has also been presented.

Experimental testing to demonstrate and verify the performance of the method from both

simulations and actual robot axm tests have been performed and presented as well. The

results from these tests have been compared to the performance of a point-based method.

6.2 Conclusions and Contributions

The newly developed solution given here is unique among previous methods of

real-time pose and motion estimation. This method is based on line features, 3-D trans

formations of lines, and extended Kalman filtering. While others have previously used

extended Kalman filtering for 3-D image-based pose estimation, this previous work has

used point features for the 3-D and imaging models. This new method describes the first

known effort that combines line features and extended Kalman filtering to estimate pose

and motion as well as 3-D structmre. The EKF is particularly appropriate for this appli

cation because it permits the estimation of unknown quantities along with the derivatives

of these quantities to any desired order in a format suitable for real-time application since

a new estimate is produced at each iteration. The standard linear Kalman filter is also

the optimal estimator where the measmrement and process noise statistics are Gaussian.
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Extending the filter to nonlineax applications results in a suboptimal estimator. The use

of a suboptimal estimator here is justified, however, since optimal estimation of nonlinear

systems is not generally amenable to analysis. No analysis pertaining to optimal esti

mation for the pose estimation problem was found in the literature. An analysis of the

problem was examined during this work and is not believed to be analytically solvable.

Good estimation results have been obtained in the past with the lEKF in other appli

cations [99] as well as in pose estimation using point features. When the system model

and measurement model satisfy the standard Kalman filter conditions, better estimation

will result from the EKF. In Chapter 4, it was shown that the line-point parameters have

near-Gaussian density functions when the end points have Gaussian distributions. For

image feature points, a Gaussian distribution is both a common assumption and one that

corresponds to actual data. This satisfies the standard Kalman filter assumption that the

measurements have a Gaussian distribution.

The EKF, while well suited as an estimator for this application, requires setup and

tuning to ensmre stability over the expected range of values. In particular, the initial error

covariance, Pf., should reasonably reflect the expected initial errors in the state variables.

The filter can become unstable for error covariance values too high, while values too low

will result in poor settling time or divergence firom the true value. The process noise,

Qf;, is also critical in obtaining good results. If the imaging model were perfect and the

relative camera-to-object motion were perfectly uniform, the process noise would be zero.

However, in the physical world, perspective projection is not exactly obtained due to lens

aberrations and distortions as well as errors in the image sensing by a camera and the

acquisition of the data. Neither is motion constant since an object may accelerate or be

perturbed by external influences. The process noise must be determined empirically either

through simulation or through actual testing. Even in simulations where the assumed

model is correct to double precision floating point accuracy, process noise may be required
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simply due to the nonlinearity of the model and the errors due to the Unearization based

on the truncated Taylor series expansion of the defining equations. Incorrect values, here

again, may result in an unstable filter.

For a real-time application, computational requirements of an estimation method

are highly important. A position control feedback control loop may require updates on the

order of tens or even hundreds of times per second. The principal factors directly affecting

the computation speed for the EKF used in this method are the number of states and the

number of measurements. The number of computations is on the order of the square of

these values. Consequently, structure estimation, since it requires many more states, is

not as suitable for real-time implementation as estimation of only the pose variables. The

number of measurements depends on the number of lines in the scene being used for the

estimation. Accuracy improves with an increase in the number of lines but at the expense

of increased computation. As the results from this method have shown, good accuracy

can be obtained even with a minimal set of four feature lines. Six lines give even higher

accuracy with improved stability but can still be considered within the real-time range.

For example, the computation time for the EKF estimation method, written in C-l—h on

a 166 Mhz. Pentium PC, was 100 ms. using a six-line object.

The experimental results obtained from simulation and actual robot arm testing

have shown that this method estimates 3-D pose parameters more acciurately than previ

ous point-based extended Kalman filtering within the central region of a camera view. In

particular, the range and range motion estimation has been shown to be measured more

accurately with faster settling times than with other methods of real-time estimation.

Noise analysis has shown that these results are, in part, due to the noise statistics of the

line measurements. For line features around the center of the image, the noise variance is

less than the corresponding noise from points used as features. Thus, the value can be es

timated more accurately in this region. However, as an object moves a significant distance
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from the center, the variance increases, reaching a point where the resulting estimate will

be worse than the corresponding point-based estimate. Quantifying this region has not

proved successful since no one distance will result in all pose variables being estimated

more accurately. The behavior is that some variables will become more accurate while

others will not. Tuning by way of the process noise will also affect the point at which one

method will show better results.

This work has produced a number of new developments in the area of pose esti

mation as a result of the analysis and experimental testing. The primary contributions

resulting from this work include the application of the EKF to pose, motion, and structure

estimation based on hne features from a scene or object. The combining of line features

with the EKF has not been previously seen. The pose estimation method has been devel

oped and implemented in C-f-1- software and demonstrates the method is more accurate

and has faster response when compared to point-based methods over the central region of

an image. Parameterization of the line transformations in terms of dual quaternions as an

aid in understanding and developing the Kalman filter measurement model is also a new

contribution. While others have used dual quaternions to perform 3-D transformations of

lines, this approach applies dual quaternions within the Kalman filter measurement model

to transform from the object reference frame to the camera reference firame. Also new is

a two-parameter 2-D line representation that is continuously differentiable in the image

plane with respect to the image plane x and y axes. The partial derivatives of the parame

ters with respect to each state variable are also continuous. Analysis of the noise statistics

of the 2-D image line-point parameters in relation to point feature noise statistics was also

performed. The pdf of the line point as a function of the end point density functions was

derived, requiring numerical integration for solution. As part of this analysis, the variance

and covariance of the line point values were also derived in terms of the end points. Since
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the exact solution also requires numerical integration, an approximate solution was devel

oped suitable for real-time implementation. These estimated covariances are applied to

the measurement covariance matrix of the EKF at each iteration so that during relative

motion, the measurement covariances accurately reflect the statistics of the measurement

data processed by the filter. The result is improved state estimates with less error. An

other significant contribution is the method developed to compare structiure estimates.

This method calculates the least squared error transformation of 3-D lines from a local

reference frame to a base reference frame. Software for the pose estimation method has

been developed and fully implemented in C-f-l-. It has been integrated on a computer

system with a robot arm and camera and successfully demonstrated.

6.3 Future Work

While the basic method has been developed and successfully tested, much addi

tional work remains in terms of analysis and extension of the concepts. One application

of the method is for visual servoing of a robot arm. This requires implementation of a

feedback control loop for moving the arm in relation to scene motion. The system imple

mented and demonstrated for this work had iteration times on the order of one second

and a robot command interface that permitted only point-to-point movements. While

the basic operation could be observed, a better implementation on fast hardware would

be a control loop executing ten or more times per second and directly controlling the

joint angles of the arm. Another area is to extend the physical model to estimate higher

order derivatives (acceleration, etc.) and provide an evaluation of performance in com

parison to this method. Also of interest would be an analysis of the iteration count for

the lEKF. During experimentation, it was found that iteration counts of three or more

sometimes gave results with less error than an iteration count of one while under differ

ent conditions the reverse was true. Usually a higher iteration count improved estimates
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from the point method while the line method gave the best estimates with an iteration

count of one. Other research areas include the analysis of the EKF in terms of stability

and optimum performance. Analyzing the effects of and aids to assist in setting the filter

parameters for near optimum performance would be of great benefit. Another research

area would be to analyze the computational requirements of this method in comparison

to the computational requirements of the point method.
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