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Abstract

The main focus of this thesis was on the development of techniques and methodolo-

gies to allow the effective application of photogrammetry to coordinate metrology.

The current understanding of the propagation of uncertainty through camera-based

measurement systems is limited due to the highly complex and non-linear nature

of the techniques. Additionally, the application of existing verification standards is

unclear and difficult to apply directly to high-accuracy photogrammetry systems.

The aim of this work was, therefore, to develop techniques to evaluate the coordi-

nate measurement uncertainty of photogrammetry systems as well methods that

allow existing verification standards to be effectively applied.

Based on Monte Carlo simulations, an evaluation of the contributing factors

to the expanded uncertainty on measurements made by a stereo photogrammetry

system was performed. A traceable scaling methodology was also applied to the

stereo system, allowing the identification of the key contributing factors to the

stereo system measurement to be highlighted and targeted for future. Additionally,

the effect of systematic errors on the measurement volume was simulated and then

verified through experimental observations.

A laser speckle texture projection methodology was also developed in order to

allow existing verification standards to be applied to conventional photogrammetry

systems. By projecting artificial texture onto the verification artefact surface, the

verification outlined in the VDI/VDE 2634 part 3 standards were applied. The



viii

results of the verification tests demonstrated the high levels of accuracy that can be

achieved by photogrammetry based coordinate measurement systems.

Through the use of fringe projection techniques, an additional method of apply-

ing verification standards to a stereo photogrammetry system was also performed.

By using phase encoding to find correspondence between cameras, the verification

tests were applied and were in agreement with predicted values. Additionally, the

use of phase encoded correspondence also presents a promising method to vastly

improve the accuracy of the characterisation of stereo system properties.

Finally, the principles of photogrammetry were applied to several case studies.

The photogrammetry principles developed in this thesis were used to develop

data fusion methods to greatly improve the bandwidth of measurements, use laser

speckle to produce material agnostic measurements of part geometry and calibrate

reconstruction scale factors using light-field imaging principles.
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Chapter 1

Introduction

1.1 Motivation

The ability to precisely and accurately measure the geometry of parts has always

been the limiting factor in manufacturing. Ensuring manufactured parts are within

tolerance is key in guaranteeing that parts will fit within assemblies, reducing

wasted material and energy, prolonging part life-time and providing confidence in

that part for potential customers. As a result, coordinate metrology forms a key

foundation in modern high precision manufacturing.

Contact-based coordinate measurement machines have been common place in

metrology labs for several decades, and as such, are very well understood and

trusted. However, there is an increasing complexity of parts that are able to be

manufactured that require large numbers of measured points in order to ensure

the part is within tolerance. Contact-based coordinate metrology systems are

highly accurate, but are inherently slow when a large number of points must be

acquired. However, in more recent years, non-contact optical methods of coordinate

measurement are becoming more widely used in industrial settings in order to

measure highly complex parts.
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Although optical coordinate measurement systems, such as laser triangulation,

fringe projection and photogrammetry, are becoming more prevalent, they are still

less well understood than contact techniques. Understanding the complex interac-

tions of light with object surfaces and how this affects the coordinate measurement

uncertainty of the optical metrology system is a key area of research for the future

of coordinate metrology.

1.2 Aims and objectives

The aim of this work is to develop the technique of photogrammetry for appli-

cation in coordinate metrology. The key areas targeted are the understanding of

the uncertainty, the application of verification standards and accurate scaling of

photogrammetry measurements. As such, the aims of this work are to develop a

better understanding of the error sources and propagation of uncertainty in pho-

togrammetry measurements, as well as devising a traceable scaling methodology

for those measurements. Additionally, methodologies for the implementation of

existing verification standards to photogrammetry will be investigated.

In order to achieve a better understanding of the propagation of errors through

the photogrammetry measurement process, a computational method of a pho-

togrammetry system will be developed. The computational model will then be

used to probe the effect of error sources on the measurement uncertainty. In addi-

tion to the computational model development, a methodology for high-accuracy

and traceable scaling of the photogrammetry will be outlined. Complimentary

to computational modelling, a method for the application of existing verification

standards to conventional photogrammetry systems will also be outlined. Specifi-

cally, the methods will be developed for a system comprising of a consumer DSLR

cameras, as well as a stereo-system of industrial machine vision cameras. Finally,
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the methods and knowledge collected from the previous objectives will be applied

to a series of case studies, demonstrating the application of photogrammetry in

metrology.

1.3 Description of work

Chapter 2 provides a overview of the existing work on the application of pho-

togrammetry to coordinate metrology. The review covers the background of

photogrammetry, current research relevant to this work as well as the current state

of uncertainty evaluation and verification standards for photogrammetry methods.

Chapter 3 demonstrates the application of Monte Carlo methods in order to

evaluate the three dimensional coordinate expanded uncertainty for measurements

made by a stereo photogrammetry system. The chapter also covers a methodology

for the traceable calibration of the stereo system scale factor, as well as investigating

the effect of systematic errors on the system properties in the measurements.

Chapter 4 covers the use of laser speckle texture projection in order to allow

the measurement of smooth artefacts that do not exhibit visible texture. The

laser speckle texture projection is used to perform verification tests on a standard

photogrammetry system demonstrating the high accuracies that photogrammetry

is able to achieve.

Chapter 5 presents an alternative method of applying verification standards to

photogrammetry systems with optics that do not allow the use of laser speckle

texture projection. Additionally, it provides measurement uncertainties in agree-

ment with results from chapter 3 as well as providing some potential work for the

improvement of the calibration process.

Chapter 6 presents four case studies in which the photogrammetry systems and

techniques presented in earlier chapters have been applied. The case studies include
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the development of a portable photogrammetry system for dental anthropology,

the fusion of photogrammetry and coherence scanning interferometer data, the use

of laser speckle texture projection to measure objects with little observable texture

and the fusion of photogrammetry and light-field camera data.

Finally, chapter 7 outlines the current state of photogrammetry for coordinate

metrology, describes the contribution of the work covered in this thesis to the field

and suggests future work to be done to further advance the technology.



Chapter 2

Background and related work

2.1 Photogrammetry

Photogrammetry is defined by Luhmann et al as the science of measurement

through the use of photographs [71]. The main principle of photogrammetry for

form measurement is the triangulation of corresponding points using two or more

images. Correspondences are determined through a variety of methods, including

physical targets or the detection of image features. The measurement of form,

in this case, refers to the measurement of the external shape of the object [103].

Stereo-photogrammetry is the most common application of photogrammetry, in

which the measurement process is applied using only two images. The simplicity of

photogrammetry has meant that it has been used as a method of measurement since

photography was invented in the 1830’s [71]. For the first fifty years, photogramme-

try was mainly used by architects as a fast and easy method of measuring the shape

buildings. The nature of the photographic techniques meant that building facade

dimensions could be measured without the risk of typically dangerous manual

methods in which workers would be exposed hazards. It was not until the late

1800’s that the scope of photogrammetry became more wide spread. The develop-
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ment of stereo comparators allowed topographic measurements to be made and

became invaluable in the mapping of inaccessible mountainous regions [71]. In the

first half of the 20
th Century this topographic measurement from aerial photography

led to significant advancement. However, the use of close-range photogrammetry

was yet to be properly developed due to severe instrument limitations and little to

no economic incentive [71]. The definition of close-range photogrammetry is not

defined, but typically applies to measurement working distances of up to 300 m.

It was not until the rise of digital computers that close-range photogrammetry

could truly be considered for accurate close range measurements. The potential of

close-range photogrammetry was now only limited by the reconstruction algorithms

and imaging process used. As a result, research into reconstruction and calibration

algorithms flourished, giving rise to the modern methods seen today. The recent

advancements in digital photography have also been significant. Through careful

calibration and the equipment, the three-dimensional digitisation of sub-millimetre

object features to a three-dimensional point measurement uncertainty of a few

microns is possible [39].

2.1.1 Modern stereo-photogrammetry

Although micro-scale measurements are feasible with photogrammetry, modern

applications are still predominately applied to much larger scales. For the scope

of this work, micro-scale will refer to geometries with features less than a millime-

tre in size. The non-invasive nature of the method allows for the measurement

of objects or surfaces that cannot be physically accessed or are easily damaged.

Consequently, photogrammetry is widely used in archaeology, architecture, au-

tomotive, aerospace, medicine, and crime scene and accident reconstruction. In

archaeology, photogrammetry means that the three-dimensional structure of very
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delicate objects and buildings can be measured without physical contact [93]. This

means the historical significance of such objects can be determined without the

potential to destroy or damage them. During the investigation of an accident or

crime there may be a point at which the only remaining evidence is photographic.

Photogrammetry allows a scene to be reconstructed in three dimensions from a

series of images. Applications of photogrammetry to accident scene modelling

date back to as early as 1933 and are still used today [71, 34]. The non-invasive

nature of photogrammetry makes it well suited to medical applications. By taking

a three-dimensional scan of the human body prior to surgery, photogrammetry

can be used to tailor reconstructive surgery to a patient [55]. Augmented reality

during surgery can also be implemented to aid surgeons in the accurate removal

of tumours. The three-dimensional position of the tumour can be determined and

separated from healthy tissue allowing a complete removal [10].

Most relevant to metrological applications are the uses of photogrammetry in

automotive and aerospace engineering. Stereo photogrammetry and other optical

techniques are widely used as a means of quality control during machining and

forming processes [79, 118]. By scanning a component through various techniques,

a three-dimensional model can be created from the resulting point cloud. The scan

can then be compared against the original CAD model to ensure that the required

specifications have been met. Accurately adjusting and measuring mounting rigs

and tools is also an important application in both fields. Being able to produce

precision manufactured components and highly accurate alignments is critical in

modern manufacturing engineering [69].
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2.2 Micro-scale and nano-scale manufacturing

Micro- and nanotechnology are now becoming a significant part of industry; the

miniaturisation of mechanical components, or even engineering surfaces of larger

ones, has become highly desirable. Being able to produce such micro-components

in meaningful quantities will have a high impact on manufacturing engineering.

In order for micro and nano-manufacturing to become more widely applied, a

metrology infrastructure must be in place to ensure the traceability and quality

control of such small components.

Micro coordinate measurement machines (micro-CMMs) provide the precision

and accuracy required to successfully measure micro-components. The bulk of cur-

rent methods are based on a touch probe system. Essentially a stylus is moved over

a surface and the resulting deflections can be used to determine the topography of

the object. Vertical accuracies of around tens of nanometres can be achieved with

such methods, however, around a few hundred nanometres is typical [18]. Hori-

zontal accuracies have a high dependence on tip diameter and surface topography,

but are typically sub-micrometre. Relative to the depth accuracy of touch probe

techniques, the lateral accuracies are significantly lower but appropriate for most

applications. The level of accuracy achieved by micro-CMMs is more than adequate

to provide a method of verification in micro-scale manufacturing. As each data

point must be taken individually, touch probe micro-CMMs are slow taking around

a second for each data point. For many thousands of required data points, this rate

of measurement is not suitable. The small surface area of the probe also results

in high pressures on the surface, potentially resulting in damage to the object [3].

This can be reduced by having very low force probes leading to even longer scan

times to stop the probe jumping. The long scan times required make touch probe
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methods unsuitable for applications in which a high number of measured points is

required.

Fortunately, optical techniques can measure millions of points in just a few sec-

onds without the potential to cause damage. Optical techniques, such confocal [51]

and focus variation microscopy [80], can both achieve sub-micrometre accuracies

over an area of several millimetres for a single view [22, 48]. Unfortunately, both

confocal and focus variation microscopy both have a lateral working range of only

a few tens of millimetres. A stitching process can be applied to a series of images,

but for a single image no larger scale features can be measured. Although the

level of accuracy and speed achieved by confocal and focus variation microscopy is

more appropriate for micro-scale applications, the working range is problematic

for larger parts.

The application of photogrammetry to the measurement of sub-millimetre

features is still early in development, but several applications have already been

demonstrated. Gallantucci et al has demonstrated the ability of a photogrammetry

system to measure sub-millimetre scale features on a purposely designed artefact

[36]. Photogrammetry has also demonstrated its ability to measure the geometry of

the channels of micro-fluidic devices in which the channel geometries were on the

order of 600 µm deep and a millimetre across [49]. Additionally, photogrammetry

has also shown promise in the measurement of palaeontology samples, such as the

micro-scale geometries on bones [4].

Structured light based methods can also achieve the required level of accuracy

for micro-scale metrology. For example, fringe projection can produce accuracies

around a few tens of micrometres over scales of around a metre [88]. Unlike pho-

togrammetry, which relies on passive light sources, structured light based methods

instead control the nature of the light in order to ascertain form information. In
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fringe projection, this is achieved through the use of a projector and camera, in

which the distortion of the projected image can be used to determine the form of

the object. The basic principle of fringe projection is shown in figure 2.1. Although

fringe projection provides an ideal method of micro-scale measurement, the use of

a projector introduces other complications. Fringe projection relies on the projector

being aligned accurately with respect to the camera, which can prove difficult [73].

Additionaly, non-linearities between the projector must be corrected for, resulting

in additional sources of error [6].

Fig. 2.1 Basic principle of fringe projection.

Highly reflective or transparent materials can also affect the performance of

structured light methods due to the specular reflections and sub-surface scattering

within the object [35, 64]. Laser triangulation is also widely applied structured light

based technique, with applications in a range of industries, with higher accuracies

than fringe projection systems [5, 24]. Rather than projecting over the entire part,

laser triangulation instead determines the object form through the scanning of a

laser over the object and detecting that lasers location within the camera, as shown

in figure 2.2. The form of the laser can vary from a single dot to a scanning line.
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However, the need to scan the laser over the surface means that laser triangulation

methods are typically low-resolution and still suffer from the same surface effects

as fringe projection techniques [35, 64].

Fig. 2.2 Basic principle of laser triangulation.

2.3 Camera projection theory

2.3.1 Overview

The aim of camera projection theory is to model how three-dimensional space

is projected onto a 2D image. Stereo photogrammetry can then, using a camera

model, take 2D images and project them back in three-dimensional space to deduce

some information about the original object. Unfortunately, the direct transfer from

three-dimensional to 2D infers some loss of information. This loss of information

is exemplified by the inability of a camera to capture depth information. A point

on an image will correspond to any point along a line in space, therefore, when

taking an image, the distance along this line is not measured. An object will also
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appear smaller or larger depending on how far it is away from the camera. An

ambiguity in the depth information captured in an image will, therefore, produce

a loss of scale in the lateral directions. It is possible to use corresponding pixels

in two or more images from different perspectives to triangulate that point in

three-dimensional space based on their projections. This triangulation method

forms the main principle of reconstruction in stereo photogrammetry to determine

the projection of a pixel. Camera models provide the mathematical basis for the

geometric projections and hence must be accurately characterised for accurate

three-dimensional reconstruction.

2.3.2 The pinhole camera model

The pinhole camera model forms the basis for the majority of cameras and lenses

that exhibit perspective projection. For the most part, depending on the required

level of accuracy, only small adaptations are required. Central projection theory

describes how an image is formed in a pinhole camera. In essence, a camera can be

modelled as a central projection point C and an image plane. A ray can then be

projected from a point in three-dimensional space through the projection centre,

resulting in an intersection with the imaging plane. This intersection can then

be used to calculate the point at which an object at the world coordinates [x y z]

would appear on the image produced by the camera [50]. The principle of central

projection is shown in figure 2.3.

For a point X projected through a pinhole at C, the coordinates must first be

transformed into the camera coordinates [xc,yc,zc]. This transformation can be

broken down into two stages. Firstly, a simple translation vector, T, is applied so

that the object coordinates are relative to the camera centre of projection. Secondly,

a rotation, R, is used to orientate the camera axis with the z axis of the camera
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Fig. 2.3 Basic principle of image plane intersection in a pinhole camera. The image
plane is labelled as virtual because, although the actual imaging takes place behind
the projection centre, the mathematics is simplified by using the virtual image
plane.
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coordinate system. With the coordinates now in the correct frame, the intrinsic

camera matrix, K, can be applied to determine the intersection point of the ray with

the imaging plane. This projection is given by

t


u

v

1

 = P
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x

y
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1


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

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z

1


(2.1)

where
[

u v 1

]T
is the intersection point with the imaging sensor, t is a scale

factor and P = K

R T

0 1

 [131].

The intrinsic camera matrix (K) depends on the internal properties of the camera

being used. As a result, properties such as pixel size and the focal length of the

lens have a significant impact on the final image. The general form of K is given by

K =


ku s u0

0 kv v0

0 0 1

 (2.2)

where ku and kv represent the focal lengths in terms of pixels in the u and v

directions respectively, u0 and v0 are the coordinates of the principle point and s

is an additional term describing the skew of the image [125]. The principle point

is the point at which the principle axis of the imaging system intersects with the

imaging plane. Although it would typically be assumed that the principle point

would lie at the centre of the image, small manufacturing errors of the camera body

and lens can lead to a slight offset of the optical components. This offset of the
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optical components results in the actual principle point being offset from the centre

of the camera sensor. Although the offset may be small, it must still be accounted

for.

For a pinhole camera, equation 2.1 perfectly describes the image. Unfortunately,

with camera optical components, such as lenses, the simple linear relationship given

by equation 2.1 no longer accurately describes the imaging process due to image

distortions. Many of the cameras required to achieve sub-millimetre resolutions

use optical components that result in such distortions. These distortions require

further adaptations to the pinhole model to account for the non-linear behaviour.

2.3.3 Epipolar geometry

An outcome of the pinhole camera model is the ability to mathematically describe

the relationship between corresponding points in different images. The ability

to mathematically describe the relationship between corresponding points, as a

function of the camera properties, is known as epipolar geometry and forms the

basis of many stages within the photogrammetry pipeline [50]. The properties of

the fundamental matrix F for a pair of cameras is described by

[
u2 v2 1

]
F


u1

v1

1

 = 0 (2.3)

where un and vn are the image feature coordinates in camera n [50]. Physically,

the fundamental matrix is a result of the each pixel corresponding to some three

dimensional line projected back into space. The three dimensional projection in

space can then be imaged by a second camera to give a two dimensional line,

referred to as the epipolar line. The epipolar line l for the second camera in
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equation 2.3 is given by

l = F


u1

v1

1

 . (2.4)

The epipolar line l describes a line in the image space in which the point (u1,v1)

must exist. A representation of the epipolar geometry is shown in figure 2.4, in

which a point imaged by C1 is projected into space and imaged by C2 to give the

epipolar line shown as a dashed line.

C1 C2

Fig. 2.4 Representation of epipolar geometry in which the epipolar line is repre-
sented by the dashed line.
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The fundamental matrix can also be written in terms of the camera projection

matrix described in equation 2.1 and is given by

F = [e′]XP2P+
1 (2.5)

where e′ is the epipole of the second image given by

e′ = P2C1, (2.6)

C1 is the projection centre of the first camera, [a]X is the skew-symmetric matrix of

a = (a1, a2, a3)
T given by

[a]X =


0 −a3 a2

a3 0 −a1

−a2 a1 0

 , (2.7)

and P+
1 is the psuedo-inverse of the projection matrix of the first camera [50]. The

structure of the fundamental matrix described in equation 2.5 forms the basis of

several methods of characterising the camera properties and will be discussed in

more detail in section 2.4.

2.3.4 Distortion modelling

Most recent advancements of the pinhole model include the lens distortions within

the model parameters. Using extensive models that include these distortions is

vital when attempting to achieve accurate characterisation of the camera system.

Therefore, it is important to fully understand the sources and effects of these
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distortions. In general, the distortions are parameterised through the additional

terms δu and δv, as shown in figure 2.5.

δ δ

Fig. 2.5 Lens distortion effect on the image plane intersection point. The observed
intersection is now at [u + δu, v + δv].

There are three typical forms of distortion: radial, decentring and thin prism

distortion. Radial distortion is simply a radially symmetric deformation about the

principle point resulting in either a barrel or pin-cushion effect [38], as can be seen

in figure 2.6. Decentring distortions are a result of the optical centre not being

correctly aligned with the centre of the camera. This misalignment of the optical

centre, results in both radial and tangential distortions that must also be included

in the model. Thin prism distortion is a result of imperfections in the design and

manufacturing of the camera lens and can be modelled as a thin prism being added

to the optical system [95].

With all the potential sources of error, it is important to include enough pa-

rameters within the model such that it is flexible enough to fit the data. This

concept is used in Percoco and Sánchez Salmerón in order to properly calibrate

long focal length macro lenses [84]. With a long focal length lens, the distortions

become significant and require consideration during both the calibration process

and reconstruction. Through modelling up to sixth order radial and second order
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Barrel Distortion Pincushion Distortion Tangential Distortion

Fig. 2.6 Vectors corresponding to the relative movement of points in an image for
barrel, pincushion and tangential distortions.

tangential distortion, Percoco and Sánchez Salmerón were able to digitise a tool part

with an radial standard deviation of 8 µm over a 3.4◦ angle of view [86]. Despite

earlier models predicting a minimum angle of view of 10◦, correct modelling allows

lower angles to be achieved, resulting in higher spatial resolutions [102].

2.3.5 Alternative camera models

Despite the wide application of the pinhole model, there are some cameras that

require a significantly different approach. One such example is in the use of a

telecentric lens (see [17], for example). Telecentric lenses only allow parallel light

rays through the camera via the addition of an aperture stop between the lens and

sensor array. A result of viewing only parallel rays is that there is no longer any

perspective in the images; an object appears the same size regardless of its distance

from the camera. Despite small fields of view, a constant magnification of objects

regardless of their distance from the camera is produced. The effect of constant

magnification on imaging the scene shown in figure 2.7 (a) can be seen in figure 2.7

(c), compared to a typical image shown in figure 2.7 (b).

The telecentric lens camera is best described by an orthogonal camera projection

model. For the most part, the orthogonal projection model is the same as the

pinhole camera and only replaces the intrinsic camera matrix with a new form
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Camera

Image from 
conventional lens

Image from telecentric 
lens

(a)

(b) (c)

Fig. 2.7 Effect of imaging the scene shown in (a) with a telecentric lens. The image
produced by a typical lens is shown in (b), whereas (c) shows the image that would
be produced by a telecentric lens.
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given by

K =


ku 0 0 0

0 Kv 0 0

0 0 0 1

 (2.8)

where the terms are the same as described in equation 2.2. Despite the orthogo-

nal camera model requiring slightly different methods of calibration, overall the

process is the same as the pinhole model. Through careful calibration of a pair of

stereo telecentric cameras, Chen et al were able to measure the displacement of a

calibration artefact with an average error of 2.9 µm [17]. Despite only measuring a

simple displacement, this level of accuracy demonstrates the potential of telecentric

cameras as a tool in photogrammetry.

Light-field cameras

There are a small number of other camera models available, but for the most part,

they are just slight adaptations to either the pinhole or orthogonal models. There

are, however, some completely different optical arrangements, such as the use of

micro-lenses in light field cameras [129, 75]. Light field cameras are capable of

measuring the colour, position and direction of incident light rays through the use

of a micro-lens array. The main principle of imaging in light field cameras is shown

in Figure 2.8. In a typical imaging system, the main lens would focus the light from

an object directly on to the sensor. However, as can be seen in figure 2.8 (a), a light

field camera instead focuses the light from the object onto an array of micro-lenses.

The light from each micro-lens is then split into its angular components and is

captured by the sensor, as can be seen in figure 2.8 (b). Effectively, each micro-lens

within the micro-lens array becomes a single pixel, with each sensor pixel behind

the micro-lens corresponding to a different ray direction.
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Sensor Micro-lens array
Main Lens

Individual
pixels

Object point
(a)

(b)

Fig. 2.8 The main imaging principle of light field cameras. A simplified version of
the whole imaging system is shown by (a), where (b) shows a magnified view of a
single micro-lens and sensor area.
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The amount of information captured in a single light field camera image is

significantly greater than that of a typical camera and, as a result, can be used to

determine three-dimensional information from single images. A notable advantage

of the use of light field cameras is that no focusing is required. As single images

can be reconstructed from the light field data after it has been taken, this results in

a significantly larger depth of field than is possible with generic cameras [120]. As

more pixels are required to detect what is effectively a single point in the image,

there will be a significant loss in resolution compared to typical cameras. As a

result, light field cameras will produce a smaller image resolution for a given

sensor size. Light field camera applications to photogrammetry are still relatively

new, however, with this wide availability and research, light field cameras have the

potential for significant improvement [127].

2.4 Calibration methods

Calibration is required in order to achieve accurate and reliable measurements. The

same is true of cameras in photogrammetric systems, although camera calibration is

somewhat different to conventional methods. Camera calibration aims to precisely

determine the exterior orientation and intrinsic properties of the camera, effectively

determining all the parameters described by the chosen camera model. Recon-

structions are possible with un-calibrated cameras; however, no metric information

can be obtained making such applications unsuitable in a metrological context.

Fortunately, the camera models discussed in the previous section provide a method

of determining camera properties. By taking images of an object with known

dimensions, it is possible to deduce the camera properties by fitting the image

and object coordinates to a camera model. This method forms the basis of camera

calibration.
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Camera calibration methods fall into three basic categories: linear, non-linear

optimisation and two-step techniques. Non-linear techniques are capable of dealing

with models that exhibit non-linear relationships, such as lens distortions. The

iterative nature of non-linear techniques mean that they can be slow and are not

always guaranteed to produce a correct result [70]. Non-linear techniques rely

on the minimisation of some function; as a result an initial guess must be made

that is reasonably close to the global minima. A significant deviation in initial

parameters may result in a local minima being reached instead, producing an

incorrect calibration [95].

Linear techniques are much faster due to their more simplistic approach [71].

Rather than making iterative calculations as in the non-linear approach; a single

calculation can be made using linear behaviour. The linear method requires at

least six corresponding points to work; however, by including many more points

a least-squares regression can be used to refine the parameters [71]. Although

this method benefits from its simplicity and speed, it is incapable of taking into

account lens distortions. There may also be some issues when extracting the camera

properties from the transformation matrix as the method is not able to account for

lens distortion [95].

Finally, the two step technique is simply a combination of both the linear and

non-linear techniques. A linear technique is first used to calculate some initial

guess and fix some of the camera parameters [67]. With a good initial guess, the

non-linear technique can be used in order to improve the chances of reaching a

glabal minima. The two step technique is perhaps the most widely used technique

as it increases speed through linear methods whilst still being able to account for

image distortions [95].
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2.4.1 Linear techniques

Linear techniques first require a definition for the transformation matrix that is

being solved. Equation 2.1 can be re-written in the form

t
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(2.9)

where A is the projection matrix [71].

Equation 2.9 can then be used to solve for ui and vi to give the collinearity

equations

u =
A11x + A12y + A13z + A14

A31x + A32y + A33z + A34
(2.10)

v =
A21x + A22y + A23z + A24

A31x + A32y + A33z + A34
(2.11)

where the t term from equation 2.9 is cancelled, leaving only camera properties and

the three-dimensional coordinate of the point being imaged [71]. The collinearity

equations can then be used to define a linear relationship between the image and

world coordinates and the vector matrix A′ given by

QA′ = 0 (2.12)
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where
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and n is the number of points [95].
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There are twelve unknown parameters in equation 2.12; as a result, a mini-

mum of six corresponding points are required (n ≥ 6). When n is higher than

six, using the linear relation given in equation 2.12 it is possible to solve for A′

using a least-squares regression method. The least-squares regression aims to

minimise the function
∥∥QA′∥∥2 with the constraint that

∥∥A′∥∥ = 1. Through solving

the minimisation of
∥∥QA′∥∥2, the solution of A′ is found to be the eigenvector of

QTQ corresponding to the smallest eigenvalue [131].

Solving the eigenvector of QTQ to calculate A′ provides a fast and simple

method of camera calibration [67]. As discussed earlier, linear calibration methods

are unable to account for distortions within images making them unsuitable for

accurate calibrations. However, linear methods do offer a method for initial param-

eter estimation. The eigenvector method of parameter initialisation is used by Gu

et al in order to calculate initial extrinsic and focal length estimations [47]. In order

to make the linear method applicable, two assumptions are made: all coefficients of

lens distortion are zero and the principle point is located at the exact centre of the

image. Based on the assumption of zero lens distortion and principle point in the

centre of the image, the extrinsic and focal length parameters can be extracted from

A′, and calculated using the eigenvector method described above [130]. With the

initial parameters calculated, the values can be further refined using a non-linear

minimisation technique.

2.4.2 Non-linear methods

As linear techniques are incapable of modelling image distortions; other, more

complex, approaches must be considered. The methods of calibrating camera

models that take into account the complex distortions that occur in many cameras

are in general non-linear techniques.
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For radial distortion, δu and δv are given by

δu = u(1 + k1r2 + k2r4 + k3r6) (2.15)

δv = v(1 + k1r2 + k2r4 + k3r6) (2.16)

where r =
√

x2 + y2 is the radial distance and k1, k2 and k3 are the radial distortion

coefficients. The effect of the various radial distortion coefficients is shown in

figure 2.9, where k1, k2 and k3 correspond to the second, fourth and sixth order

contributions to the distortion.

Fig. 2.9 Representation of the effect of radial distortion of varying order. The legend
refers to the maximum order of distortion that is taken into account.

Typically equations 2.15 and 2.16 are estimated up to the second or third term

in order to have sufficient parameters (see [17] and [87] for examples). Equations

2.15 and 2.16 can then be combined with equations 2.10 and 2.11 respectively to
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produce the distorted collinearity equations. With radial distortion now included,

the camera model exhibits non-linear behaviour due to the addition of the radial

distance term, r.

Non-linear techniques are centred on the minimisation of some function

f (x̃,mi, Mi), where mi is the image coordinates of point i, Mi the physical coordi-

nates and x̃ is a vector containing all the chosen camera properties. Mathematically,

this minimisation is expressed as

N

∑
i=1

∥∥ f (x̃,mi, Mi)
∥∥2 (2.17)

where f (x̃,mi, Mi) = mi − m̄(x̃, Mi) and m̄ is the projection of the three-dimensional

coordinates Mi onto 2D image coordinates based on the camera properties x̃

[131]. The minimisation problem shown in equation 2.17 can be solved via already

established algorithms, such as the Levenberg-Marquardt (LM) algorithm [77].

There are other algorithms capable of solving the minimisation problem shown

in equation 2.17; however, the LM algorithm is the most suitable and widely used

[99]. The LM algorithm is an iterative process by which the variable vector is

iteratively updated in the direction that minimises the cost function. For the case of

camera calibration, the variable to be changed is the camera properties vector x̃. For

iteration, n, the next value of x̃ is given by x̃n+1 = x̃n + ∆x̃, where ∆x̃ is calculated

as

∆x̃ = (JT J + λI)−1 JT f (x̃n) (2.18)

where J is the Jacobian and λ is the damping factor [112]. The damping factor, λ,

shifts the minimisation between a gradient decent and a Gauss-Newton method

of minimisation. Reducing the damping factor makes the minimisation algorithm

behave like the Gauss-Newton algorithm, suitable for when the reduction in the
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minimisation function is fast. However, the damping factor can be increased when

the reduction in the residual slows down, resulting in an algorithm that behaves

similarly to a gradient decent method. The variation in the damping factor ensures

the LM algorithm approaches the global minima rather than becoming trapped in

local minima. The Jacobian matrix is given by

J =



δ f1
δx̃1

δ f1
δx̃2

. . . δ f1
δx̃m

δ f2
δx̃1

δ f2
δx̃2

. . . δ f2
δx̃m

...
... . . . ...

δ fk
δx̃1

δ fk
δx̃2

. . . δ fk
δx̃m


(2.19)

where x̃m represents one of m camera properties and fk is one of k functions.

Many current areas of research in micro-scale photogrammetry are focused on

altering the LM algorithm to produce a more accurate calibration. Gu et al provides

an ideal example of such an adaptation of the LM algorithm through use of back

projection [47]. Equation 2.17 is essentially the sum of the residual vectors produced

from the difference between the expected and observed image coordinates for given

camera parameters. The method described by Gu et al instead calculates the residual

as the difference between known three-dimensional coordinates and the observed

image coordinates projected back into three-dimensional space. Conventional

calibration algorithms typically attempt to minimise the difference between the

detected image point and the expected image point given by the projection model.

However, by instead assuming that the three-dimensional point lies on a plane,

the intersection between the observed image point vector and the plane can be

calculated. The difference between the known point on the plane and the observed

image point vector intersection can then be minimised instead. Through the use of

the back projection calibration method, Gu et al was able to increase accuracies by
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2 µm to 6 µm compared to the typical forward imaging process, achieving errors of

42 µm and 41 µm in the x and y directions respectively [47].

The nature of the LM algorithms allows it to be applied to any camera model,

including the orthogonal projection model. Chen et al use the LM algorithm in order

to calibrate a telecentric lens based camera through the use of a 2D checkerboard

artefact. The checkerboard artefact provides the known world points required for

calibration, and by measuring a known depth change of the artefact, the depth

uncertainty was also determined. Through the use of the LM algorithm on the

telecentric lens camera, a depth uncertainty of 2.9 µm was attained with a lateral

resolution of 11 µm [17].

Algorithm efficiency also becomes an important factor when considering iter-

ative methods. The Jacobian matrix is particularly time consuming to calculate,

reducing the computational cost would, therefore, be beneficial. Vaudrey and

Klette outline a method that separates the intrinsic and extrinsic camera parameters

and solves them individually [112]. By splitting up the intrinsic and extrinsic

parameters, the new form of the Jacobian exhibits significant sparsity. The sparsity

of the Jacobian is a result of the majority of non-zero components lying on the

diagonal. The sparsity of the new matrix allows it to be calculated more efficiently,

particularly when calculating the inverse of (JT J + λI) as required in equation 2.18

[112].

2.4.3 Self-calibration

In some circumstances it is difficult or impossible to know the geometry of a scene

within a set of images. In the case of unknown scene geometry, the methods

described in section 2.4.2 are no longer applicable. The term Mi now becomes an

unknown parameter and to minimise the function given by equation 2.17 no longer
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applies. Rather than considering Mi as missing information, self-calibration treats

it as another variable to be refined when minimising equation 2.17. Through the

comparison of multiple images from cameras at different positions, it is possible to

simultaneously alter both the camera parameters, x̃, and corresponding point coor-

dinates, Mi. The self-calibration minimisation problem requires a slight adaptation

to equation 2.17 to give

minimisex̃

N

∑
i=1

M

∑
j=1

∥∥∥mi,j − m̄(x̃i, Mj)
∥∥∥2

(2.20)

where mi,j is the image coordinate of point i produced by camera j [130]. The

minimisation problem described in equation 2.20 is solved in exactly the same way

as described in section 2.4.2 and effectively calibrates the camera and reconstructs

the three-dimensional scene at the same time.

With three or more views of eight or more points, the solution to equation 2.20

will produce a unique solution [50]; however, this solution will be a projective

reconstruction and not a true metric reconstruction. Fortunately, camera projection

theory allows a metric reconstruction to be calculated from the projective recon-

struction through the use of the rectifying homography matrix, H. The rectifying

homography can be calculated through the decomposition of the absolute dual

quadric, Q∗
∞, which is defined as a conic on the plane at infinity. The absolute dual

quadric can be calculated using the dual image of the absolute conic which is given

by

ω∗ = PQ∗
∞PT (2.21)

where P is the camera matrix for a projective reconstruction as described in section

2.3 [50]. As the name suggests, the dual image of the absolute conic is simply

the image projection of the absolute dual quadric. Figure 2.10 shows both the
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absolute dual quadric and dual image of the absolute conics for a stereo camera

configuration.

Fig. 2.10 Diagram for the absolute dual quadric and dual image of the absolute
conic in a stereo-camera configuration.

The issue with self-calibration arises when estimating the dual image of the

absolute conic. In order to make some estimates about ω∗, it must be calculated

from the equation

ω∗ = KKT (2.22)

where K is the camera intrinsic property matrix described in equation 2.2. As the

whole point of calibration is to determine K, estimating ω∗ first requires some

assumptions to be made about the camera’s intrinsic properties. The intrinsic

parameters of the camera are not completely unknown, they will be within some

reasonable range values. By using some assumptions about the intrinsic camera
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parameters, such as zero skew, a principle point at the centre of the image and

an initial guess for the focal length, ω∗ can be estimated up to some factor to

a sufficient level of accuracy [50]. However, as the calculation of the rectifying

homography is based on estimates, it will not be completely accurate. Fortunately,

the estimate for the rectifying homography simply provides an initial guess and

the values can be further refined via a non-linear minimisation process similar to

that used in section 2.4.2.

As would be expected, micro-scale photogrammetry requires micro-scale cal-

ibration artefacts. This requirement of micro-scale calibration artefacts is what

makes self-calibration so useful in photogrammetry at such small scales. This is

the method used by Galantucci et al in order to design a scanning methodology

and physical apparatus capable of digitising objects with sub-millimetre features

[36]. The apparatus used by Galantucci et al consists of a rotating stage with a

digital SLR camera (10 megapixel sensor, 50 mm lens focused to infinity with

a 36 mm extension tube) at a fixed position. The rotating stage of the scanner

has 12 bit coded targets on its surface that can be detected in each image and

easily matched. By taking a series of images as the stage rotates, Galantucci et

al were able to determine the camera properties through self-calibration methods.

The calibrated apparatus was then used to scan a complex part with a pyramidal

geometry exhibiting various features. The level of accuracy achieved by Galantucci

et al varied slightly over the twenty-four measurements, but in general achieved

high accuracy. Overall, Galantucci et al obtained standard deviations in depth

measurements of 44 µm at most.

In this work, the measurement uncertainties of two photogrammetry systems

are evaluated by computationally evaluating the measurement uncertainty and then

verifying the results through acceptance tests. The key background for this work
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will be the consideration of the influence factors to the measurements uncertainty

and the current standards for the verification of photogrammetry. In section 2.5,

the potential influence factors will be discussed after which the current standards

in uncertainty analysis will be presented in section 2.6. The current standards

available for the verification of photogrammetry systems will also be outlined in

section 2.7.

2.5 Fundamental limitations of photogrammetry accu-

racy

No optical method directly measures the physical coordinates of a point on an object.

The measurement is made using the information captured by the optical system,

after which calculation of the object geometry is made. Therefore, the fundamental

limitations to the potential geometric accuracy of photogrammetry can be divided

into two key factors; pixel uncertainty and triangulation uncertainty. The pixel

uncertainty corresponds to the accuracy to which image features can be localised

within the image and is a result of the properties of the optical system and the

nature of the image feature that is used. The triangulation uncertainty, on the other

hand, describes the accuracy to which the corresponding image features can be

triangulated in space and is a result of the uncertainties of the characterised system

parameters. The two factors are heavily linked, with the pixel uncertainty heavily

influencing the uncertainty of the parameter characterisation and the combination

of the two factors determining the overall measurement uncertainty. In sections

2.5.1 and 2.5.2, the sources of uncertainty will be described. However, the effects of

triangulation uncertainty will be further addressed in section 2.6 as well as being

the main focus of chapter 3.
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2.5.1 Pixel uncertainty

In this section, the contributing factors to the localisation of a image feature is

discussed. The uncertainty on the localisation of an image feature is highly complex

and is the result of a multitude of factors. Although this discussion is not exhaustive,

the main influence factors identified in the literature review will be addressed.

Optical resolution

Optical resolution determines the ability of an imaging system to resolve an object

being imaged [94]. Many factors affect the optical resolution, however, for a perfect

imaging system the resolution limit will be determined by either the diffraction

limit, or pixel size. In principle, the optical resolution will either be limited by the

size of the sensor pixels or the diffraction limit of the optical system, depending

which is larger. This section will address the contribution of the diffraction limit on

the optical resolution. Figure 2.11 shows the imaging principle of a point source

produced by a simple lens and aperture system, the image produced is the point

spread function (PSF) [94].

Fig. 2.11 Image produced by a point source passing through a simple optical system
consisting of a lens and circular aperture. The image produced is the point spread
function.
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The radius of the central region of the PSF, corresponding to the distance

between the peak and the first minima and known as the Airy disk, determines

the maximum resolution of the imaging system with a circular aperture [12]. The

Airy disk radius is a function of both the lens focal length and objective aperture

diameter. The Rayleigh criterion is defined as the minimum distance between two

PSFs for which both can still be resolved and is given by

r = 1.22λN (2.23)

where λ is the light wavelength and N is the f-number of the lens [20]. The f-number

(usually shown as f /N, where N is the f-number) is simply the ratio of the focal

length to the objective aperture diameter [12]. In order to minimise r and improve

resolution, the f-number, N, must be minimised. Typical lens arrangements used in

micro-scale photogrammetry applications have an f-number of around one to three.

For visible light (λ ≈ 500 nm), a minimum resolvable distance of 610 nm could be

obtained with a f /1 lens arrangement. In practice, it is not possible to just make

the f-number as small as possible. Decreasing the f-number will also lead to a loss

in depth of field and image brightness; depth of field being the most problematic

at the high-magnifications required for micro-scale measurements. The depth of

field simply describes the range over which an object will appear in focus and will

be discussed in section 2.5.1.

It is not as simple as defining some cut off distance for when two points are

indistinguishable. There is instead a loss of contrast between points over all scales,

just by differing amounts. This loss of contrast is best described by the modulation

transfer function (MTF). The MTF describes how an optical system will affect

the contrast of spatial frequencies of an image [56]. Effectively the MTF acts as

a filter on the 2D Fourier transform of an image to alter the contrast of spatial
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frequencies. The MTF ranges from zero to one corresponding to 0 % to 100 %

contrast respectively. The basic form of the MTF can be seen in figure 2.12 where

the Rayleigh criterion corresponds to the value of 0.264.
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Fig. 2.12 Basic form of the modulation transfer function. The MTF value of 0.264

corresponds to the Rayleigh criterion.

Although the MTF gives a more complete description of the response of an

optical system, there is still little work as to how this would translate to photogram-

metry. Further research is required on determining how the MTF of multiple

images can be used to determine some MTF for the three-dimensional reconstruc-

tion. The problem of determining the MTF of reconstruction is complex and

requires significant work, for now calculations based on the Rayleigh criterion will

be used.
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Sampling

Although diffraction limits give an indication of the best possible resolution, in

practice this is not the case. As digital cameras take images as discrete samples,

there will be an effect of discrete sampling on the PSF. The effect of sampling is best

described through the change in contrast of an image. The contrast of two PSFs

is the difference between the minimum and maximum values of intensity across

the object, for two perfectly resolved points this would be 100 %. The concept of

contrast can also be applied to the Rayleigh criterion; two PSFs separated by the

radius of the Airy disk will have a contrast of 26.4 % [104]. The effect of sampling

is to essentially average over an area, a consequence of which is to average out

local maxima and minima. The reduced contrast and pixellation of the object

also has the effect of making the exact position of the maxima ambiguous. As

photogrammetry relies on precise determination of a point within an image, the

ambiguity of maxima points can mean the pixel size is the limiting factor rather

than diffraction. Given an average wavelength of 610 nm and a typical sensor pixel

size of around 1 µm to 10 µm [108], the f-number of the imaging system can be

chosen in order to ensure that the pixel size is the dominant factor in the imaging

resolution.

Noise

As with sampling, the addition of noise into an image further reduces the contrast.

The effect of adding 5 %, 10 % and 30 % of noise to a PSF is shown in figure 2.13.

As figure 2.13 illustrates, noise can substantially reduce contrast of a PSF

as well as shift the apparent position of the maxima point. As a result of the

loss of contrast and maxima shift, noise must be carefully considered during

calibration and reconstructions in stereo camera systems. In order to deal with
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Fig. 2.13 Effect of noise on a PSF. A noise level of 0 %, 5 %, 10 % and 30 % are
shown.

noise effectively, mathematical models and sources must first be identified. One of

the most prominent sources of noise is from the camera itself [13]. Noise produced

by the electrical amplifiers and detectors, thermal vibrations and thermal emissions

from within a camera all contribute to the noise present within an image. These

natural sources of noise can generally be modelled by a Gaussian distribution given

by

P(g) =

√
1

2πσ2 e−
(g−µ)2

2σ2 (2.24)

where g is the grey level value, σ is the standard deviation of the distribution

and µ is the peak position of the distribution. Salt and pepper noise can also arise

due to effects within the camera [13]. Salt and pepper noise arises due to corruption

of the image data; as a result, certain pixels within the image will be randomly

changed. For 8-bit images, the colour levels will range from 0 to 255 in integer

steps, for grey-scale this corresponds to black to white respectively. Salt and pepper

noise presents itself as a replacement of a dark pixel with 255 or a light pixel with

0, resulting in a salt and pepper appearance [13]. Interference within the electrical

components of a camera can also result in structured noise being present in an

image. Structured noise appears as periodic or aperiodic variations over the image

of varying phase, frequency and amplitude.
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Noise can be substantially reduced through choice of equipment, lighting and

camera settings. By having sufficient light, low ISO sensitivity settings [66], repeat

exposures and appropriate lenses, the noise present in an image can be reduced to

appropriate levels. In order to further reduce the noise, image processing techniques

can be applied to improve the contrast of any features within the images. Image

filtering is a widely used method of noise reduction and can be used in a variety

of ways to produce the desired effect [83, 132]. Low pass, smoothing filters can be

used to suppress noise and other unwanted effects; whilst high pass, sharpening

filters can enhance the contrast of particular features [74]. Band filters can also

be used to remove periodic noise by rejecting the correct spatial frequencies [13].

Although filtering methods are useful at noise removal, there are some downsides.

Filtering effectively smooths out any noise, in doing so there will be a loss of

sharpness in some features. Conversely, sharpening filters will also enhance any

noise present in the image leading to even greater noise levels.

The models, algorithms and equipment discussed in this work utilise only

simple filters for noise reduction [40]. There is work covering the effects of noise in

the calibration process, relating the error in pixel position to the resultant errors

in intrinsic camera parameters (see [131, 47, 130]). The level of pixel coordinate

noise typically considered is around 0.1 to 1.5 pixels, and work suggests that

non-linear optimisation algorithms can cope with such errors and still produce

accurate calibration [70]. The relative contributions of the various influence factors

will be considered in more detail in chapter 3. However, with a decrease in scale,

there will be an unavoidable increase in relative noise; which, as of yet, micro-

scale photogrammetry does not sufficiently address. Therefore, for micro-scale

photogrammetry to be applied to even smaller scales than are currently used, much

more robust methods of calibration and reconstruction will have to be developed.
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Feature matching algorithms

No matter how well the camera images the object, unless features can be detected

and matched between images, the lower limits of reconstruction error cannot

be obtained. As a result, great care must be taken to ensure feature matching

between images is carried out correctly and accurately. A popular method of

feature matching is the use of Scale Invariant Feature Transform (SIFT) algorithms

[40, 36, 14]. SIFT algorithms work by assigning a 128 variable descriptor vector

to each feature in an image which can then be used to match each feature in

multiple images [65]. The descriptor vector is calculated as a function of the

gradient magnitude and angle for neighbouring pixels. The nature of the descriptor

vector means that it is largely invariant to both rotation and scale transforms, ideal

for matching features under different image projections. Normalisation of the

descriptor vector also provides some invariance to illumination changes, however,

for the most part, illumination is easily controlled in a laboratory setting.

SIFT algorithms also allow for targets to be searched for, within an image. By

placing coded targets within the space to be sampled, each individual target can be

detected and matched without comparing between images. The main benefit of

using coded targets is the significantly reduced possibility of false-positive matches,

leading to improved reconstruction and calibrations. For the most part, coded

targets are used in the calibration process [36]. Another benefit of determining the

structure of the target is that it allows for an even more accurate determination of

its centre. By having some central region of the target with a basic known geometry,

a sub-pixel accuracy of the centre can be extrapolated. Xiao et al was able to detect

coded targets on a calibration artefact to an accuracy of around 0.05 pixels through

the sub-pixel detection of the target centre [121]. This method of using known

target geometry can also be extended to more than just coded targets. The use
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of a checkerboard as a calibration artefact is also a widely used technique. The

geometry of the checkerboard ensures that it is easily automatically detected by

algorithms. Again the geometry of a checkerboard allows a sub-pixel accuracy

detection of the corners, as is used by Fathi and Brilakis [31].

An issue with feature matching is that with some objects and surfaces there

will not be any features to detect. Surfaces that are particularly smooth or do not

exhibit any distinct changes in colour will not show up during a feature detection

algorithm. Without any points to triangulate, there may be significant areas of

missing data. A simple way of solving this issue is to force some form of texture

onto the surface. Koutsoudis et al create features on a smooth surface by projecting

a series of noise patterns on a complex object [57]. By projecting a noise pattern,

Koutsoudis et al was able to significantly increase the number of cloud points whilst

reducing the reconstruction error from 108 µm to 43 µm compared to the original

reconstruction. In chapter 4, an additional method of solving the correspondence

issue is presented using laser speckle texture projection.

Model limits

The mathematical models used to describe the camera projections are far from the

limiting factor in photogrammetry. With a sufficient number of parameters, the

pinhole and orthogonal projection models are more than adequate to describe a

wide variety of cameras. This use of long focal lengths results in a very narrow

field of view, and projected rays become close to parallel. When small fields of view

are used, significant errors will be produced when the pinhole model is applied,

particularly when the field of view drops below 10° [86, 102]. The issue with the

pinhole model arises due to the projected rays becoming almost parallel; as a result,

the pinhole model will no longer be valid.
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Stamatopoulos and Fraser suggested that, through the use of both the pinhole

and orthogonal projection models, accurate reconstructions could be achieved

[102]. Through a use of both models, Stamatopoulos and Fraser were able able to

achieve a calibration where other pinhole methods failed due to instabilities in the

calibration algorithm. Lateral errors of 1.3 µm and depth errors of 0.8 µm were

recorded by Stamatopoulos and Fraser on a scan of a coin. Based on the equipment

used by Stamatopoulos and Fraser, the camera would have a magnification of one,

pixel size of 6.1 µm and a diffraction limit of 1.7 µm. Considering the equipment

specification, Stamatopoulos and Fraser should acheive a theoretical maximum

standard deviation of around 6.1 µm due to the pixel size. The discrepancy between

theoretical maximums and actual recorded error by Stamatopoulos and Fraser does

cast some doubt on the validatity of their results. However, the concept of a hybrid

model approach to calibration and reconstruction could still be valid.

Percoco and Sánchez Salmerón experimentally tested the effect of angle of view

on the pinhole camera model on camera calibration and object reconstruction [86].

Percoco and Sánchez Salmerón found that the pinhole camera was successful with

angles of view as low as 3.4° and could produce accuracies comparable to other

scanning methods. The level of error produced by Percoco and Sánchez Salmerón is

also consistent with expected accuracies. Verification of the pinhole models to small

angles of view suggests that it is possible to produce a photogrammetry system

with magnifications of around two. Coupled with small pixel sizes and f-numbers,

a magnification of two could achieve accuracies of around a micrometre in the right

circumstances.



2.5 Fundamental limitations of photogrammetry accuracy 45

Depth-of-field

In theory there will only be a single plane that will be in focus when taking an

image. In practice there will, in fact, be a range of points that appear to be in focus.

The range over which points appear to be in focus is the depth-of-field, and is a

result of being unable to notice the blurring effect of a point being out of focus [86].

The ability of a system to detect whether or not a point is in focus is determined

by the circle of confusion, defined as the diameter of the largest blurred spot that

appears as a point to the human eye. For 35 mm aperture, the circle of confusion is

conventionally set to 0.03 mm, differences in viewing conditions and individual

differences can, however, lead to small changes to this value [86]. The principle of

the depth of field is shown in figure 2.14.

Circle of confusion

Depth of field

Fig. 2.14 Principle of depth of field for a lens and aperture. The dashed lines
correspond to the light rays from the closest and furthest points in focus.

As figure 2.14 suggests, the circle of confusion fixes the minimum and maximum

distances for which a point will be in focus for a particular f-number. By changing

the f-number, and hence the aperture size, the ray lines in figure 2.14 will either

be squeezed inwards or spread out. As the circle of confusion is a constant value,
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reducing the angle of the light rays will increase the depth of field and decrease

it for increased angle. This effect is highlighted by the equation for depth of field

given by

d = 2NC(1 +
1
M

) (2.25)

where N is the numerical aperture, C is the diameter of the circle of confusion and

M is the magnification.

As discussed in section 4.1, in order to ensure diffraction effects do not limit

the imaging system, a very low f-number must be chosen. Choosing such a

low f-number directly leads to a decreased depth of field, meaning a reduced

working range. This trade-off between resolution and depth of field is purely a

result of optical effects and, therefore, is very difficult to overcome. For many

applications, simply choosing the optimal f-number for the sample dimensions

would be adequate. However, in order for photogrammetry to be useful from a

micro-manufacturing stand-point, this trade-off between resolution and depth of

field must be overcome.

Gallo et al provide a method of overcoming the small depths of field produced

by macro lenses through the use of image stacking. By taking many images at

varying focus distances, a stack of images can be produced for which each pixel

is in focus in at least one image [40]. A fusion algorithm can then be applied to

the stack of images in order to produce a singular image for which all points are

in focus. Gallo et al was able to measure step heights of 20 µm to 100 µm to an

uncertainty of 10 µm with the multi-focus image stacking method at a magnification

of one [40]. Compared to Percoco and Sánchez Salmerón, Gallo et al were able to

achieve similar accuracies at half the magnification and with a significantly larger

sampling area. The downside to the image stacking method is the significant image

acquisition times; complex objects took around two hours to image due to the
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methodology used. Future work was suggested to improve the automation of the

process and, therefore, bring imaging times down to suitable durations.

Another less obvious method of overcoming depth of field constraints is to alter

the optics and remove the issue entirely. Plenoptic cameras (light field cameras)

use an entirely different method of image acquisition for which depth of field

and focus are no longer limiting factors [127]. By placing an array of micro-lenses

between the imaging sensor and optical components the entirety of the light field

can be detected, not just intensity and position. Plenoptic cameras are able to detect

the position, incoming angle, intensity and colour of incoming light rays allowing

for image reconstruction after acquisition. Current use of plenoptic cameras for

depth mapping is limited to single camera methods using only the light field data

[120, 127]. The level of accuracy achieved by plenoptic cameras is still relatively

low; however, their current resolution is significantly lower than is typical for

regular DSLR cameras. Higher resolution cameras are beginning to become widely

available, but are yet to be tested in micro-scale photogrammetry applications.

2.5.2 Triangulation uncertainty

Projection errors

Photogrammetry requires more than one image to determine three-dimensional

coordinates, reconstruction errors will, therefore, be dependent on the errors

provided from multiple images. In principle, the reconstruction process involves

calculating the intersection of two or more vectors. The vectors are a result of

projecting out individual pixel positions, hence pixel position uncertainty results

in vector uncertainty. The pinhole camera model also leads to a divergence of

projected rays as they get further from the camera. A result of the ray divergence
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is that projected vectors will also experience increased error as their magnitude

increases.

This divergence of rays is best visualised through its more notable effect, magni-

fication. An object of size X will appear in an image the size x = X/m, where m is

the image scale number [71]. The translation of image error to object error is identi-

cal to that for image height, simple magnification by multiplication. For a known

focal length, object distance and feature location error, the lateral triangulation error

can be calculated using the thin lens equation to give

∆X = m∆x = (c/ f − 1)−1∆x (2.26)

where f is the focal length, c = (1/ f − 1/h)−1 is the principle distance and h is the

distance to the object. Image scale numbers achieved in recent papers using macro

lenses range between 0.5 and 5 with lower values being most favourable [40, 84, 86].

Assuming the imaging system is not diffraction limited, image point accuracies

would be around a pixel in size. The camera used by Percoco and Sánchez Salmerón

(Canon 400D) has a pixel size of 5.7 µm with lens parameters producing an image

scale number of around 0.5. Based on the pixel size and magnification, Percoco and

Sánchez Salmerón could achieve a potential minimum error of around 2.9 µm in

the absence of noise and assuming perfect reconstruction [86]. In practice, Percoco

and Sánchez Salmerón achieved a standard deviation of 8 µm when measuring

the diameter of a 8 mm sphere, slightly more than twice the theoretical minimum

value.

Figure 2.15 shows the principle of vector uncertainty when triangulating a point

of intersection for a simple stereo photogrammetry set-up. Figure 2.15 shows

that, given an uncertainty in projection, there will be some area (shown in red)

corresponding to the uncertainty in the three-dimensional coordinate.
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Baseline

Pixel projection error

Fig. 2.15 Basic principle of triangulation error due to image error.

The error in the lateral direction of the triangulation is calculated using the

magnification at that point; however, the depth error is dependent on other factors.

Depth error is highly dependent on both the distance between the cameras, the

baseline, and the distance to the point being measured. The equation for depth

error is given as a function of image error by

∆Z = m(h/b)∆x (2.27)

where b is the baseline, or distance between the cameras [71]. The ratio h/b is

dependent on the angle between cameras; for some distance from the object, the

depth error will be minimised when the cameras are placed at 90°. As well as

camera orientation, the number of images and other external parameters will affect

the errors of reconstruction. The effect of external parameters will be discussed in

more detail in section 2.5.2.
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External factors

As suggested in section 2.5.2, there is a significant effect of the external orientation

of the cameras on the level of accuracy achieved in reconstruction. One particular

variable to consider is the angle that the camera moves through between consecutive

images. The effect of angle change has been investigated by Galantucci et al in

order to develop a scanning methodology [39]. By scanning a complex object with

a variety of feature types, Galantucci et al was able to investigate the effect of

both the step angle between images and the tilt angle of the camera. Galantucci

et al found that step angle had no significant effect on reconstruction errors at 20°

compared to a 5
◦ step. With only two sets of data to compare, it is difficult to

definitively determine the behaviour between these values. The data produced by

Galantucci et al does, however, suggest that reconstructions should be consistent,

provided the SIFT algorithm can successfully match points between images. One

limit Galantucci et al does not determine is the angle at which the SIFT algorithm

fails to produce matching points, which would heavily impact the minimum angle

between images required to produce a successful reconstruction.

Galantucci et al also report that a higher tilt angle produces a reduced recon-

struction error. The method used to determine error by Galantucci et al involved

making height comparisons between the reconstruction and the data from a more

accurate conoscopic scanner (Optimet Conoscan 400). Based on the data given

by Galantucci et al, the error of 2.5 µm quoted for the conoscopic scanner is on

the height measurements. The method of error calculation suggest that it is heav-

ily weighted to height measurement accuracies, rather than all three axes. The

weighting of accuracy calculation to height measurements will, in itself, result in a

preference towards higher tilt angles. The conclusion reached by Galantucci et al on

the effect of tilt angle is, therefore, not entirely valid. A more thorough comparison
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of the effect of tilt angle on reconstruction errors in all three axes would be required

to reach a more valid conclusion on its effect.

Interestingly, there is a split in opinion when considering the effect of number

of images on camera calibration and object reconstruction. Some suggest that an

increased number of images will produce a better calibration and reconstruction

[28, 37, 130] while others suggest that it has a minimal effect or can even be

detrimental (see [84] and [36]). The difference in opinions is likely a result of the

various different samples and types of measurement being made. Galantucci et al

suggests that for relatively simple geometries, such as a single length measurement,

the number of images does not have any significant effect. However, for much

more complex object, the number of images becomes the most important factor [37].

This effect would result in a distinct split in opinions based on both the sample

being measured and the way the accuracy of the reconstruction is evaluated. For a

complex object being compared to a complete model, the number of images will

have a significant effect on the level of accuracy obtained. However, if the accuracy

of a complex sample is only evaluated through a single comparison, such as a step

height, it will no longer exhibit a strong relation to the number of images.

It is evident that the effect of camera orientation is a complex issue. There

is no general rule for optimal parameters; sample geometry and the type of

measurement required all play significant roles in choosing the correct camera

positions and angles. In order for micro-scale photogrammetry to become more

widely accepted, a general guideline for camera orientation must be produced

such that some constancy in measurements in achievable. Determining the best

conditions requires significantly more research and testing, and ideally requires a

computational method of solving this issue.
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2.6 Measurement uncertainty

The strength of photogrammetry lies in its capacity to achieve reconstruction

without relying on any additional information other than the images of the object to

be measured. Despite the advantages of reconstructing geometries from images, this

can only be achieved at the loss of scale information [33]. Additionally, the complex

and non-linear process of characterising the system properties and triangulation

of the sample form makes the propagation of error through the system difficult to

calculate [59]. The lack of a standardised methodology for scaling and consequent

lack of traceability, plus a poor understanding of the uncertainty of photogrammetry

measurements, are significant hurdles in the widespread use of photogrammetry

as a form measurement system.

2.6.1 Arbitrary scale

The solution to the arbitrary scale of photogrammetry reconstructions is a key

area of research into the metrological applications of photogrammetry methods.

Typically, some physical property of the measurement system and/or the sample

must be fixed and calibrated in order for measurements to be appropriately scaled

[69]. For example, a calibrated artefact can be placed within the measurement

volume of the photogrammetry system allowing the correct scale factor to be

applied after the measurement is taken. Although this approach is easily applied,

it greatly limits the working volume of the system and requires a calibrated artefact

to be available for all measurements.

Another common approach, in the case of a multi-camera system, is to fix

the physical distance between the multiple cameras within the system and apply

that physical property to the measurement reconstruction [106]. This is a typical

approach in many optical form measurement techniques, particularly in structured



2.6 Measurement uncertainty 53

light-based measurement systems [26]. The calibrated artefact must be measurable

by the system, as well as traceably calibrated to a sufficient level of accuracy for

the system under consideration. For contact-based systems, gauge blocks are

easily used and widely available whilst being traceably calibrated to very high

accuracies (< 0.06 µm for grade K gauge blocks) [32]. However, optical form

measurement systems are typically not able to measure gauge blocks due to their

highly specular surfaces [64]. Instead, two-dimensional patterned artefacts, such as

checkerboards or dot patterns, are typically used in order to calibrate optical form

measurement systems [130]. While checkerboard artefacts [130] may be effective for

the calibration of optical form measurement systems, they are difficult to calibrate

to high accuracies (< 1 µm) and can be difficult to use for non-experts. Ball bars

are also a widely used approach for the calibration of optical form measurement

systems [101], with the sphere-to-sphere distances providing the scaled length.

Similar to two-dimensional patterned artefacts, ball bars are difficult to use for

calibration as they exhibit very little observable surface texture for photogrammetry

measurements, although texture projection methods have been shown to make this

feasible [101].

An alternative method to effectively calibrate optical form measurement sys-

tems is to use a combination of self-calibration and direct measurement of a single

calibrated length [101]. Self-calibration does not require a calibrated object to

effectively characterise the optical system up to some arbitrary scale factor. By then

measuring some single calibrated length, such as a gauge block, the arbitrary scale

factor of the system can be fixed. Although gauge blocks are typically difficult

to measure with optical form measurement systems, this issue is simplified as

only a single measurement is required: in fact, limiting the required number of

measurements ensures that the gauge block can be measured in the most optimal
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position, reducing specular reflection and maximising the measurement accuracy.

This methodology is more easily implemented as an intermittent calibration pro-

cedure for optical measurement systems whilst only requiring widely available

calibration artefacts.

2.6.2 Error modelling

The understanding of error propagation through contact-based coordinate mea-

surement machines (CMMs) is relatively well established [7, 76]. However, the

propagation of errors through optical form measurements is still a poorly un-

derstood area of research [59, 23, 58, 122, 97]. The non-linear nature of optical

form measurement systems makes the analytical approach for the evaluation of

the combined standard uncertainty highly complex. The non-linearity of optical

methods arises for several reasons, such as choice of triangulation method [50]

and optical distortion [69]. Various triangulation methods do not rely on a linear

analytical solution, but instead use iterative approaches to minimise reprojection

errors. Optical distortion is also particularly problematic as there are no analytical

solutions to the inverse mapping of distorted camera points to their undistorted

position [50].

A common approach to the assessment of measurement uncertainty in pho-

togrammetry systems is to use comparison with other, more accurate, measurement

technologies. For example, Lavecchia et al used a coherence scanning interferometer

(CSI) to compare photogrammetry measurements to a more accurate measurement

of a step height [59]. Although comparison with more accurate measurements pro-

vides some insight into the accuracy of the system, it is limited in the information

that can be extracted about how errors propagate through the system. Comparison

with other measurements only allows the user to observe the relative effects of
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changing certain aspects of the system, such as camera angles and reconstruction

methods. However, measurement comparisons do not provide any insight into

the effect of the uncertainties of the system properties that cannot be as easily

altered. For example, the requirements on the mechanical stability of the system

and the performance of different cameras can be tested prior to the system being

manufactured.

Monte Carlo (MC) based methods provide an ideal solution for the evaluation of

the combined standard uncertainty for such complex systems [54]. Essentially, the

Monte Carlo approach involves the simulation of many measurements for which

the influence factors are varied according to their predetermined distribution [54].

The distribution of the simulated measurand can then be used to evaluate the

combined standard uncertainty, as well as the individual contributions from each

influence factor. Di Leo et al show that through MC simulations, it is possible to

investigate the effect of varying system properties and isolating the effect of various

parameters [23].

2.7 Performance verification

The only verification standards currently available for photogrammetry systems

is VDI/VDE 2634, of which part 2 and part 3 are specifically required [114, 115].

VDI/VDE 2634 part 2 is for optical measurement systems based on area scan-

ning making it appropriate for the verification of stereo-photogrammetry systems.

VDI/VDE 2634 part 3, however, is instead applicable to mutliple view systems such

as photogrammetry systems based on 3 or more images. In this section, the accep-

tance tests outlined by VDI/VDE 2634 part 2 and part 3 are outlined for chapters 4

and 5 in which the tests are adapted and applied to two photogrammetry systems

that were developed as part of this work. The acceptance tests are performed by
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comparing the manufacturer quoted values against the results of the verification

tests described below. If the results of tests fall below the manufacturer quoted

value, the system passes the verification test.

2.7.1 Area view system verification

Probing error

The probing error is defined in two separate parameters: form probing error, PF,

and size probing error, PS. In VDI/VDE part 2, the probing errors are evaluated

through the measurement of a calibrated sphere measured in at least ten abritrary

positions within the measurement volume such as those shown in figure 2.16.

The sphere radius must be between 0.02 and 0.2 of the longest diagonal of the

measurement volume and the form error must be explicitly less than the expected

value of the probing errors.

12
3

45

6 7
8

910

Fig. 2.16 Arbitrary sphere positions for VDI/VDE 2634 part 2.
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Once the ten measurements of the test sphere have been made, a least-squares

sphere is applied to each point cloud in which a maximum of three in every 1000

points may be removed. The form probing error, PF, can then be calculated as the

maximum range of the radial deviations of the point cloud. Additionally, the form

probing error can be calculated from

PS = Da − Dr (2.28)

where Da is the diameter of the least-squares fit sphere and Dr is the sphere’s

calibrated diameter.

Sphere spacing error

The sphere spacing error, SD, quality parameter is determined by measuring the

calibrated distance between two spheres of a ball bar. The ball bar must be measured

in at least seven different orientations, as shown in figure 2.17. The length of the

ball bar must be at least 0.3 of the longest diagonal of the measurement volume

and the diameter of the spheres between 0.02 and 0.2 of the longest diagonal. The

ball bar length must also be calibrated to an uncertainty substantially less than the

expected spacing error of the system. The sphere spacing error is then calculated

from

SD = La − Lr (2.29)

where La is the measured length and Lr is the calibrated length. The measured

length is determined through the least-squares fit of each sphere in which a

maximum of three per 1000 points can be removed from the fit. The measured

distance is then the geometric distance between the two sphere centres.
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Fig. 2.17 Ball bar orientations according to VDI/VDE 2634 part2.

Flatness measurement error

The flatness measurement error F quality parameter is evaluated through the

measurement of a flat plane. The flat plane must be measured in at least six

different orientations as shown in figure 2.18. The width of the flat must be at least

50 mm and with a length of at least 0.5 of the longest diagonal of the measurement

volume. Additionally, the flatness of the artefact must be substantially less than the

expected flatness measurement error. A least-squares plane fit is then applied to

the point cloud in which a maximum of three points per 1000 can be removed. The

flatness measurement error, F, is then defined as the maximum deviation of all the

points from the fitted plane.
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Fig. 2.18 Flatness measurement orientations according to VDI/VDE 2634 part 2.

2.7.2 Multi-view system verification

VDI/VDE 2634 part 3, by definition, is the standard to be used for the verification

of a multi-view based optical measurement system. However, VDI/VDE 2634 part 3

is designed around measurement systems that make multiple areal measurements.

Photogrammetry based on three or more images is not a series of areal measure-

ments, but in fact the entire measurement process is based on the multi-view aspect.

Therefore, it is difficult to directly apply VDI/VDE 2634 part 3 standards without

significant adaptations. As a result, the majority of work typically attempts to

verify photogrammetry systems using altered versions of the VDI/VDE 2634 part

3 standards. For example Lavecchia et al design their own artefact with a range

of features for verification and calibration [58]. However, Percoco et al instead

attempt to slightly alter the VDI/VDE standards in order to adhere to the limits

of the photogrammetry system [85]. In particular, Percoco et al adapt the ball bar

arrangement seen in figure 2.17 in order to be applicable to measurement systems
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based on multiple views and a rotation stage. In chapters 4 and 5 further develop-

ments to the VDI/VDE 2634 part 2 and part 3 standards are demonstrated on two

photogrammetry systems. These chapters provide novel techniques of applying

standards to photogrammetry systems that would otherwise be difficult.



Chapter 3

System characterisation and

calibration

3.1 Introduction to system characterisation and cali-

bration

The aim of the work presented in this chapter is to model a stereo-camera based

photogrammetry system in order to assess the expected measurement uncertainties

as well as provide a traceable method of scaling subsequent measurements. The

scaling will be performed using a laser interferometer and verified using a calibrated

gauge block. The measurement uncertainty is considered as made up of two

separate factors: geometric uncertainty and uncertainty on the global scale factor.

The outcome of this chapter is an understanding of the measurement uncertainty

produced by the system in question, as well as the identification of key areas for

future work for the improvement of the technology.
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3.2 Methodology for system characterisation and cali-

bration

The methodology of this work falls into four main stages: 1. identification and

evaluation of the measurement influence factors, 2. Monte Carlo simulation of

the stereo-camera system, 3. evaluation of the global scale factor and 4. the

verification of the coordinate measurement uncertainty and scale factor through

the measurement of gauge blocks.

3.2.1 Uncertainty contributions

The influence factors were evaluated through two methods, type A and type B,

as defined by the Guide to the Expression of Uncertainty in Measurement [53].

A list of the influence factors, their evaluation method, their distribution and

their designation can be seen in table 3.1. The influence factors to be evaluated

through the type A method correspond to the intrinsic and extrinsic properties

of the stereo-camera system and are evaluated through a repeated calibration

procedure. The uncertainties of the intrinsic and extrinsic properties are given

by the characterisation algorithm [130]. As the distribution of the stereo-camera

parameters is unknown, a rectangular distribution has been selected for these

influence factors in order to provide a conservative estimate of their contribution.

Unlike type A evaluated uncertainties, type B uncertainties are instead evaluated

using prior results, manufacturer specifications and experience of using the system.

The key parameters to be evaluated using the type B method are the uncertainty in

the laser interferometer measurements and environmental factors. However, the

most important factor for the type B evaluation is the uncertainty on the feature

position. The uncertainty on the feature position is in fact a combination of a wide
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Table 3.1 Contributions to the measurement uncertainty

Influence factor Evaluation Distribution Designation
method

Focal length Type A Rectangular u( fu),u( fv)
Principle point Type A Rectangular u(u0),u(v0)
Radial distortion Type A Rectangular u(k1),u(k2),u(k3)
Tangential distortion Type A Rectangular u(s1),u(s2)
Camera rotation Type A Rectangular u(θ),u(ϕ),u(ρ)
Camera translation Type A Rectangular u(Tx),u(Ty),u(Tz)
Feature location Type A Normal u(up),u(vp)
Temperature of system Type A Rectangular u(Temp)
Measurement Type B Rectangular u(cal)
uncertainty of the laser
interferometer

range of factors; such as, focus, feature detection method, feature size, depth-of-

field, chromatic aberrations, sensor resolution and surface properties. Whereas all

the other influence factors can be explicitly defined, the feature location uncertainty

will be considered for a range of values typically expected in order to provide an

indication of the measurement uncertainty in a variety of scenarios.

3.2.2 Software model

The stereo-photogrammetry system consists of two cameras for which a three-

dimensional grid of points is imaged using the ideal system and then triangulated

using the perturbed system. The perturbed system is produced by applying

an offset to influence factors under investigation according to the probability

distribution of that factor. The spatial deviation of the triangulated points can

then be used to evaluate the accuracy of the measurement. The projection of
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three-dimensional points onto the camera sensor is described by [69]

sm
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, (3.1)

where (um,n,vm,n) are the pixel coordinates of the point m in camera n, sm is a

normalisation factor, Kn is the intrinsic matrix for camera n, Rn and Tn are the

rotation and translation matrices of camera n, Pn is the camera projection matrix

and (Xm,Ym,Zm) are the coordinates of point m. A schema of the projection process

is shown in figure 3.1, where the cube represents the measurement volume.

Fig. 3.1 Schema of the projection of a world point onto two images.
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In addition to the linear projection process, there is an additional stage in which

distortion parameters are applied in order to account for the non-linear distortion

of the camera optics. As only the image pixel coordinates and camera intrinsic

and extrinsic properties will be known, a minimum of two cameras is required in

order to triangulate the position of the point in three-dimensional space. The linear

solution to the triangulation is described by

A
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where pk
n is row k of the n camera projection matrix. The triangulated point can

then be calculated as a solution to equation 3.2 through the calculation of the

singular value decomposition of A. The triangulated point is then given as the

smallest singular value of A.

Once the measured points have been triangulated, they are shifted in order

to ensure their centre of mass coincides with that of the original grid of points,

removing any systematic effects. The difference between the triangulated points

and the original location is then calculated. This process is then repeated thousands

of times with varying system properties in order to assess the expected response of

the system. The details of how each property is perturbed will be discussed in the

following sections.

Intrinsic parameters

The intrinsic properties of the stereo-photogrammetry system include the informa-

tion about the internal properties of the camera, such as focal length, sensor size,
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sensor position and the distortion effect of the imaging lens. The application of the

intrinsic parameters is shown in equation 3.1 in terms of K given by

K =


fu 0 u0

0 fv v0

0 0 1

 , (3.3)

where fu and fv describe the focal length of the lens in the u and v direction

respectively and u0 and v0 are the pixel coordinates of the intersection of the optical

axis with the imaging plane. The inclusion of uncertainty within the intrinsic factors

is straightforward as the offset value can be generated according to a rectangular

distribution and added to each term. However, as the principle point is mainly a

term for the characterisation of the centre of distortion, the uncertainty term is only

added to the principle point when calculating the distortion correction.

Distortion

The distortion of the imaged object is a result of several factors, including the

optical effects of the lenses and misalignment of the optical components. The two

key forms of distortion are the radial and tangential components [69]. The influence

of the tangential distortion was found to be lower than 0.1 pixels and substantially

increased the calculation times for the Monte Carlo simulations. For the scope of

this work, only the radial component of the distortion will be considered in order

to simplify and accelerate the simulations. The radial distortion of image points is

described by

ud = u(1 + k1r2 + k2r4 + k3r6 + ...), (3.4)

vd = v(1 + k1r2 + k2r4 + k3r6 + ...), (3.5)
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where (ud,vd) is the distorted image coordinate of the points (u,v), r is the radius

given by r =
√
(u − u0)2 + (v − v0)2 and kn is the nth distortion parameter. Typ-

ically, in order to determine the undistorted image coordinates from the known

distorted points and distortion parameters, a non-linear solution is required. How-

ever, it is possible to define an inverse distortion given by

ud = u(1 + b1r2
d + b2r4

d + b3r6
d + ...), (3.6)

vd = v(1 + b1r2
d + b2r4

d + b3r6
d + ...), (3.7)

where rd is the radius of the distorted points and bn is the nth inverse distortion

parameter [25]. By defining the inverse distortion, the offset to the undistorted

image points due to a difference in inverse distortion parameters is given by the

equation

∆u = u1 − u2 = ud(1 + b1,1r2
d + b1,2r4

d)− ud(1 + b2,1r2
d + b2,2r4

d), (3.8)

which can be further simplified to

∆u = ud(∆b1r2
d + ∆b2r4

d), (3.9)

where ∆bn is the offset on the nth inverse distortion parameter and ∆u is the corre-

sponding offset to the pixel position. The conversion from distortion parameters to

the inverse distortion parameters is given by

b1 = −k1, (3.10)

b2 = 3k2
1 − k2, (3.11)



68 System characterisation and calibration

b3 = −12k3
1 + 8k1k2 − k3, (3.12)

b4 = 55k4
1 − 55k2

1k2 + 5k2
2 + 10k1k3 − k4. (3.13)

Higher order terms for b can be defined, but four were used as the contribution

from higher orders is negligible. Using equations 3.10 to 3.13, it is possible to

calculate the uncertainty in each inverse distortion parameter using

U(bn) =

√√√√ 4

∑
i=1

(
δbn

δki
)U2(ki). (3.14)

By using the associated uncertainties for the distortion parameters, the uncer-

tainty on each inverse distortion parameter can be calculated and used to generate

a normally distributed random offset to each parameter. With the random offsets

to the inverse distortion parameters ∆bn, the offset in the pixel position can then be

computed using equation 3.9.

Extrinsic properties

The extrinsic properties of the stereo-photogrammetry system correspond to the

relative orientation between the two cameras. Physically, this represents the rotation

and translation between the two cameras. For this work, one camera was fixed in

space at the origin, with the second camera being subject to random perturbations.

The rotational component to this transformation is implemented by applying a

rotation matrix to the second camera in the form

R = Rx(θ)Ry(ϕ)Rz(ρ), (3.15)

where Rx(θ) is a rotation of θ around the x-axis, Ry(ϕ) is a rotation of ϕ around

the y-axis and Rz(ρ) is a rotation of ρ around the z-axis. The angles θ, ϕ and ρ are
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randomly generated from a normal distribution determined by the uncertainty on

those angles and converted into a rotation matrix. This rotational offset matrix is

then applied to the original matrix in order to produce the perturbation in rotation.

The translation matrix between the cameras is of the form

T =


Tx

Ty

Tz

 , (3.16)

where Tx, Ty and Tz are the translations of the second camera in the x, y and z

axis, respectively. However, as the magnitude of the translation matrix will only

lead to a scale factor error, it is useful to isolate the magnitude and direction

of the translation uncertainty. The camera translation can be represented in a

spherical-polar coordinate system according to the equations

Tr =
√

T2
x + T2

y + T2
z , (3.17)

Tθ = arccos
Tz

Tr
, (3.18)

Tϕ = arctan
Ty

Tx
, (3.19)

where Tr, Tθ and Tϕ is the radius, elevation and azimuth of the second camera with

respect to the first. As the magnitude of Tr will only affect the effective scale of the

reconstruction, its uncertainty is taken to be zero for the Monte Carlo simulation

and will instead be evaluated in section 2.4. Instead only the angular uncertainty
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of the second camera is considered using the equations

u2(Tθ) = (
TzTx

T3
r

√
1 − T2

z
T2

r

)2u2(Tx) + (
TzTy

T3
r

√
1 − T2

z
T2

r

)2u2(Ty) + (
T2

x + T2
y

T3
r

√
1 − T2

z
T2

r

)2u2(Tz),

(3.20)

u2(Tϕ) = (
T2

x
T2

x + T2
y
)2u2(Tx) + (

Ty

T2
x + T2

y
)2u2(Ty). (3.21)

According to the angular uncertainties calculated using equations 3.20 and

3.21, normally distributed random angular offsets are added to the spherical

polar coordinates of the second camera before being converted back to Cartesian

coordinates.

3.2.3 Scaling factor

The scale factor of the stereo-photogrammetry system was evaluated using a high-

accuracy laser interferometer (Renishaw XL-80). As can be seen in figure 3.1, the

stereo-photogrammetry system was used to track a checkerboard artefact placed on

the gantry plate of a linear actuator. The linear actuator was then used to translate

the checkerboard artefact over a 90 mm travel range whilst the linear position was

monitored using the laser interferometer. The linear motion observed by the stereo-

photogrammetry system could then be compared to the linear distance provided

by the laser interferometer in order to correct for scale factor errors introduced by

the checkerboard calibration procedure.

The laser interferometer system utilises a refractive index corrector unit and has

a stated relative accuracy of ± 5 × 10
−5 %, corresponding to a maximum error of

around 45 nm over the complete range of motion used in this work (100 mm). The
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Fig. 3.2 Scale factor measurement set-up. (a) Stereo-photogrammetry system, (b)
gantry plate, (c) checkerboard artefact, (d) retro-reflector, (e) beam splitter and (f)
laser interferometer.

uncertainty on the calculated scale factor is given by

u(length) =
√

u2(cal) + u2(p), (3.22)

where u(cal) is the uncertainty of the laser interferometer measurements and u(p)

is the uncertainty of the stereo-photogrammetry measurements. The uncertainty

of the stereo-photogrammetry measurements was evaluated through 20 repeat

measurements through the entire travel range of 100 mm.

3.2.4 Gauge block measurement

In order to verify the performance of the system, a calibrated 5 mm gauge block

that has been wrung to a reference platen was measured. Although the gauge block

exhibits a highly specular surface, a laser line projected on to the surface provides

sufficient diffusely reflected light to triangulate points on both the gauge block and

platen surface. As the laser line does not provide a pixel-to-pixel correspondence, a
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line was fit to the two surfaces and the epipolar geometry [16] of the stereo-system

was used to extract the corresponding points. The measurement was performed

five times with the stereo-cameras rigidly mounted with respect to the gauge block,

with the laser line scanned over the surface in order to provide enough points to fit

a plane to the data.

3.3 Results

3.3.1 Software model results

Verification of distribution

In order to ensure that the number of iterations was sufficient to accurately represent

the measurement uncertainty, the first step was to evaluate the standard deviation

of the three-dimensional coordinate error as a function of number of iterations.

Figure 3.3 shows the mean standard deviation of the position errors in the x axis

as a function of number of iterations. As figure 3.3 shows, the variation in the

uncertainty very quickly drops to less than 2 nm after only 1000 iterations. Between

4000 and 10 000 iterations, the standard deviation of the results falls below 1 nm. As

the results are calculated as the mean of over 1000 points within the measurement

volume, the effective number of iterations is a thousand times more than the actual

number of iterations. For the sake of accuracy, 10 000 iterations were performed in

order to ensure the extracted values are as representative as possible.

Contributions of each factor

Each influence factor from table 3.1 was evaluated through the calibration of the

stereo-photogrammetry system using a checkerboard calibration artefact. The

cameras used for this work were 12 mega-pixel sensors (4024 pixels by 3036 pixels)
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Fig. 3.3 Standard deviation of errors in x axis against number of iterations.
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with 16 mm lenses that were found to be 16.74 mm and 16.66 mm when calibrated.

The stereo-photogrammetry was found to have a baseline distance between the

cameras of 199.35 mm and an angle of 38.64
◦ between cameras. This baseline and

camera angle leads to a convergence point of the two camera views at 301 mm away

from each camera. At 301 mm, the magnification of each camera is around 0.055,

with an optical resolution of 33 µm due to the pixel pitch of 1.85 µm. However, an

f-stop value of 6 was used in order to provide a sufficient depth-of-field, leading to

diffraction limited system with an airy disk with a radius of 8 µm. The diffraction

limitation leads to an optical resolution of 0.145 mm at 301 mm away from the

camera. The first and second order radial distortion parameters for the cameras

were found to be -0.135 and 0.24 for the first camera and -0.13 and 0.17 for the

second.

Table 3.2 shows the values of the influence factors that were evaluated, as well

as their contribution to the combined standard uncertainty in the x, y and z axes.

The combined standard uncertainty is calculated for each axis as

ucomb =

√√√√ N

∑
n=1

u2
n, (3.23)

in which un is the uncertainty contribution of influence factor n and N is the

total number of influence factors. The combined standard uncertainty for the

contributions in table 3.2 was 10.1 µm, 6.0 µm and 14.8 µm in the x, y and z axis,

respectively.

The Degrees of Freedom (DoF) for the influence factors are also shown in table

3.2. According the GUM methodology, the Welch–Satterthwaite equation was used

to calculate the degrees of freedom on the combined standard uncertainties as 3, 37

and 96 giving coverage factors of 3.18, 2.03 and 1.98 for a 95 % confidence interval.
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Table 3.2 Measurement standard deviations for each factor

Influence Value DoF Uncertainty /µm
factor x y z
u(up),u(vp) 0.1 (pixels) ∞ 3.1 2.3 6.7
u( fu),u( fv) 0.82, 0.84 (pixels) 2244 1.7 1.3 3.6
u(θ),u(ϕ),u(ρ) 1.84, 1.52, 14 9.1 4.7 9.1

0.71 (∗10−4 radians)
u(Tx),u(Ty),u(Tz) 13, 8, 27 (µm) 14 1.5 0.4 3.2
u(k1),u(k2) 0.001, 0.0362 2244 2.1 2.5 8.2

Based on the coverage factors, the expanded standard uncertainties are 32.1 µm,

12.1 µm and 29.2 µm for a 95 % confidence interval.

Influence of feature uncertainty

In order to assess the effect of feature position uncertainty, the Monte Carlo simula-

tion was performed for ten different feature position errors between 0 and 1 pixels.

The choice in range of pixels to simulate was chosen arbitrarily to reflect of values

that would be typically expected. As can be seen in figure 3.4, the relationship

between pixel error and uncertainty in the x axis is approximately linear.

Systematic error contribution

Although the uncertainties in the intrinsic and extrinsic stereo-camera parameters

have been assumed to be randomly distributed, the uncertainties used in fact repre-

sent the uncertainty in the characterisation process. For any given measurement,

the errors on the system parameters are likely to be mainly systematic, with a

substantially smaller random component representing the mechanical stability of

the system. As a result, it is useful to visualise how systematic offsets will propa-

gate through the measurement and to see how they manifest in the measurement

errors. However, as the uncertainties cannot be characterised easily, the combined

standard uncertainties quoted in section 3.1.2 represent a realistic expectation of
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Fig. 3.4 Plot of average uncertainty in the x axis against level of feature position
uncertainty.
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what can be achieved. However, it is important to understand how systematic

errors in the extrinsic and intrinsic properties manifest. In order to demonstrate

the effect of systematic offsets, the computational model was used to simulate the

triangulation errors in the presence of offsets applied to the system properties. As

can be seen in figures 3.5 to 3.8, systematic offsets in the system properties lead

to complex distortions in the measurement volume. Spatial offsets, differences in

scale factor for each axis and non-linear distortions in the measurement volume are

all observed for individual factors, with real measurements being the result of a

combination of all the observed effects.

Fig. 3.5 Spatial variation of errors in x, y and z axis in the presence of an offset in
the focal length.
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Fig. 3.6 Spatial variation of errors in x, y and z axis in the presence of an offset in
the translation of the second camera.
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Fig. 3.7 Spatial variation of errors in x, y and z axis in the presence of an offset in
the rotation of the second camera.
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Fig. 3.8 Spatial variation of errors in x, y and z axis in the presence of an offset in
the radial distortion parameters.
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Spatial variation of measurement uncertainty

In addition to the spatial variation caused by systematic errors, there is also a

variation of the combined standard uncertainty within the measurement volume.

An additional Monte Carlo simulation was performed for a line of points in the x

axis and the standard deviation in each axis was calculated for 100 000 iterations. As

can be seen in figure 3.9, the triangulation uncertainty shows significant variation

through the measurement volume. Variations of the order of 5 µm can be seen in

both the y and z axes, leading to substantial variations in the combined standard

uncertainty throughout the measurement volume.

Fig. 3.9 Spatial variation of average uncertainty in x, y and z axis for random errors.
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3.3.2 Scaling factor results

The uncertainty on the scale factor of the stereo-photogrammetry system was evalu-

ated using a linear actuator tracked with a laser interferometer. A checkerboard arte-

fact was placed on the linear actuator and tracked with the stereo-photogrammetry

system. By then taking the average translation between the various checkerboard

positions and comparing with the interferometer data, the scale factor of the system

could be determined.

Figure 3.10 shows the stereo-photogrammetry based displacement, compared

to the interferometer translation for two different orientations of the actuator in

the measurement volume. A linear regression was then used to determine the

scale factor for each repeat measurement with a standard deviation of the scale

factor over all 20 measurements of 0.0068 %. The uncertainty on the scale factor

corresponds to a measurement uncertainty contribution of 6.8 µm on a length

measurement of 100 mm.

A result of the scale factor data is the shape of the plot of the linear displacement

error for the photogrammetry system. Figure 3.11 shows the displacement errors for

twenty repeat measurements of a 90 mm travel range with associated uncertainty on

those points. As can be seen, there is a highly repeatable pattern in the displacement

data, likely corresponding to the systematic offsets discussed in section 3.3.1. In

fact, the standard deviation on any one point was typically on the order of 5 µm,

despite a lack of accurate alignment between measurements.

3.3.3 Gauge block measurement

The calibrated gauge block was measured using the stereo-photogrammetry system

and a laser line. As can be seen in figure 3.12, the gauge block measurement was

split in order to provide points for a plane fit to be applied to the upper and lower
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Fig. 3.10 Plot of translation of stage according to the photogrammetry system and
the laser interferometer.

Fig. 3.11 Residual error of photogrammetry measurements.
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surfaces. Once orientated with the platen surface on the z axis plane, the standard

deviations and heights of each surface were calculated. The gauge block and platen

points were found to have standard deviations from a fitted plane of 32 µm and

27 µm respectively. According to the stereo-photogrammetry measurement, the

gauge block height was found to be 5.0086 mm, compared to the calibrated value

of 5.0006 mm, resulting in a length measurement error of 8 µ m.

Fig. 3.12 Point cloud of gauge block points (Red points correspond to the gauge
block surface and blue to the platen surface).
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3.4 Discussion

3.4.1 Software model results

The results from the Monte Carlo simulations provide information about the

importance of specific factors when considering improvements of a measuring

system. As table 3.2 shows, the rotation and translation between the two cameras

are by far the largest influence factor to the triangulation uncertainty. With a

combined standard uncertainty of 5.9 µm, 6 µm and 14.8 µm for the x, y and z axes

respectively, the contribution due to most of the properties is on the order of 5 µm,

demonstrating the impact of the uncertainty on the camera rotation and distortion

parameters. However, the rotation and distortion properties were only the main

factors for the case of feature localisation uncertainties of 0.1 pixels. Figure 3.4

shows the effect that feature position uncertainty has on the combined standard

uncertainty. Although the contribution is below 10 µm at 0.1 pixels, there is a linear

increase up to around 35 µm for a feature positional uncertainty of around 1 pixel.

Although in ideal circumstances, 0.1 pixels of uncertainty is obtainable, the vast

number of contributions to the feature position uncertainty mean that, in reality,

there will be a distribution of feature uncertainties within a measurement. The

contrast of visible surface texture, focus and the feature detection algorithm used

all have an impact on the feature uncertainty and depend on a range of internal

and external factors, making the true value of feature position uncertainty difficult

to quantity.

Although the rotational extrinsic properties were shown to be one of the main

contributing factors in the combined standard uncertainty, it was also considered

that in reality, the majority of the error contributions from the intrinsic and extrinsic

factors would be systematic rather than random. As such, the effect of systematic
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offsets to the focal length, translation, rotation and distortion factors were modelled

in order to understand their effect on the triangulated point cloud. As can be seen

in figures 3.4 to 3.8, the effects of systematic errors manifest as complex distortions

to the triangulated point cloud, often being non-linear. Effectively, these distortions

will result in length measurement being affected by both position and orientation

within the measurement volume, being stretched and skewed in different axes.

Although the values in table 3.2 demonstrate the effect of a random variation,

they give some indication of the possible contribution of systematic offsets to the

measurement uncertainty.

In addition to the spatial variation caused by systematic offsets, there is also

a spatial variation to the combined measurement uncertainty for purely random

influence factors. The nature of photogrammetry means that the uncertainty on

a triangulated point will vary throughout the measurement volume, as shown in

figure 3.9. Although the effect is relatively small, figure 3.9 shows that the combined

uncertainty can vary by around 5 µm throughout the entire measurement volume.

3.4.2 Scaling factor results

Despite using an uncalibrated checkerboard artefact in order to provide the initial

extrinsic parameters, the accuracy of the scale factor appears to be high, with an

error of 0.0068% over the baseline length. Based on the linear regression of the

length measurement data, the uncertainty on the scale factor was on the order of

7 µm over the entire 100 mm measurement volume. The interesting result from the

stereo-photogrammetry comparison with the laser interferometer measurements

is the shape of the residuals from the linear fit. As can be seen in figure 3.11,

there is a repeatable trend to the error on the checkerboard position. There are

a range of external factors that could have resulted in the trend of the residuals
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in figure 3.11, however, systematic errors in the extrinsic and intrinsic properties

are likely a substantial contributing factor. In fact, the maximum deviation of the

length measurements was typically on the order of 5 µm or less for all repeated

measurements. The high repeatability of the length measurements would suggest

that the scale factor uncertainty can be reduced by compensating for the non-linear

distortion of the measurement volume.

3.4.3 Gauge block measurement

Although the feature positional uncertainty is unknown for the gauge block mea-

surements, the standard deviation from a plane for both the gauge block and

platen surfaces agrees with the values predicted by the Monte Carlo simulations.

Furthermore, the feature position uncertainty is expected to be much higher than

for other methods due to the challenging surface properties, further suggesting

that the extrinsic and intrinsic properties are likely systematic offsets, rather than

randomly varying. Additionally, the error in the length measurement is somewhat

higher than would be expected, based on the scale factor uncertainty. However, as

can be seen in figure 3.11, non-linear distortions of the measurement volume could

explain the 8 µm error in the gauge block measurement. In order to verify this,

repeat measurements of the gauge block will be taken throughout the measurement

volume.

3.5 Conclusion

This chapter presents the first attempt at an uncertainty analysis of a stereo-

photogrammetry system, as well as a method for the traceable calibration of

the photogrammetry scale factor. The outcome of this work is an estimate of the
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expected measurement uncertainty of a stereo-photogrammetry system, as well

as the identification of key influence factors that must be addressed in future

work. Additionally, this work has also provided insight into the manifestation

of characterisation uncertainty within a triangulation-based measurement system.

Systematic errors in system properties lead to highly complex, non-linear effects

in the resultant point cloud. In future work, the adjustment of systematic effects

will be addressed as well as determining a methodology for calculating expected

feature uncertainty. The future work that has developed from this work will be

discussed in more detail in chapter 7.



Chapter 4

Single camera verification

4.1 Introduction to single camera verification

The existing specification standard for photogrammetry is VDI/VDE 2634 part 3

[114]. VDI/VDE 2634 part 3 has already been applied to larger scale photogram-

metry systems, typically involving standard artefacts consisting of targets to act

as points of correspondence [61, 114, 44]. When applying VDI/VDE 2634 part 3

to smaller scales with sub-millimetre features, the use of target detection methods

becomes problematic. Manufacturing sub-millimetre targets is both expensive and

complex, as well as the measurement being of the target location rather than the

part geometry.

Photogrammetry methods for objects without targets are reliant on the process

of feature detection and matching. Scale invariant feature transform (SIFT) algo-

rithms are widely regarded as the most effective method of feature detection [65],

and are based on the detection of local minima and maxima within a difference-

of-Gaussian function. Detected features can then be matched by assigning unique

descriptors based on local gradients and directions of the difference-of-Gaussian

function [68]. In order for SIFT algorithms to detect any features, there must be
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some variation within neighbouring pixels, which is observed as texture in the im-

age, for this reason, objects with very little surface texture may not exhibit enough

contrast for SIFT algorithms to detect features. Once the number of successfully

detected features drops below some level, the estimation of the fundamental matrix

between different perspectives will become inaccurate. As the initialisation of the

photogrammetry self-calibration algorithm is based on the estimation of the funda-

mental matrix, poor feature detection will cause the calibration procedure to fail.

Although this inability to detect objects with little texture is an intrinsic limitation

of photogrammetry, it is particularly problematic when considering the verification

of a photogrammetry system. As was discussed in section 2.7, verification artefacts

are required to have surface height variation values significantly smaller than the

anticipated measurement uncertainty. This means that for a photogrammetry sys-

tem to be verified to a standard uncertainty of the order of a few micrometres, an

artefact with surface height variations less than 1 µm is required.

Improving the effectiveness of photogrammetry based systems on surfaces with

insufficient texture is already an established area of research. Koutsoudis et al.

[57] have demonstrated that by projecting pseudo-random patterns onto an object

during the imaging process, the density and accuracy of the resulting point-cloud

is significantly increased. A similar method was also implemented by Siebert et al.

[100] in which speckle patterns were projected onto human subjects to demonstrate

the application of photogrammetry in medicine. The use of texture projection is

not only used to improve spatial correspondence, in particular, by rapidly altering

a speckle pattern produced by a laser and diffuser, Schaffer et al. were able to

produce real-time reconstructions based on temporal matching algorithms [98].

Through the use of laser speckle projection, this chapter aims to provide a

methodology that will allow the verification of photogrammetry systems to uncer-
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tainties much lower than previously achieved. The methodology will also benefit

from being easily implemented, without the need for any sophisticated or expensive

equipment.

4.2 System design

The photogrammetry system can be seen in figure 4.1. The system consists of a

simple rotating stage and camera mount that allows the desired number of images

to be taken at a range of angles. The positions of the camera can also be altered in

order to produce the required image magnification at a range of camera elevation

angles. The imaging system itself consists of a commercial DSLR camera (Nikon

D3300, 24 MP sensor) with a 60 mm macro lens to allow high-magnification images.

The laser speckle system is mounted directly to the rotating table to ensure that

the speckle pattern remains stationary with respect to the object as it rotates. Tests

were also performed to ensure the projected pattern remained stable over one

hour period, much longer than the time required for any particular experiment.

Both the mean and standard deviation of all SIFT features were monitored for the

length of the test relative to the first image. The mean motion of the pattern was

determined by calculating the radial deviations of SIFT features in each image

relative to the first. The mean motion was found to be around 3 pixels, and is due

to the mechanical stability of the camera. For the duration of the test, the standard

deviation of the mean motion was less then one pixel, corresponding to the relative

motion of the speckle features on the object surface. Since the variation of the

pattern is less than one pixel, we are confident that the pattern will remain stable

for the duration of the measurements.

The laser speckle projection is achieved with the use of a laser diode (532 nm,

4.5 mW), focusing lens (50 mm, bi-convex) and glass diffuser (600 grit polished).
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Fig. 4.1 Image of the photogrammetry system, consisting of a DSLR camera (a),
laser speckle projector (b) and rotation stage (c).
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The green laser diode was chosen to ensure the imaging system was most sensitive

to intensity variations due to the Bayer filter and CMOS sensor design of the

camera. The laser is then focused on to the glass diffuser by the focusing lens,

as shown in figure 4.2. The interaction with the rough glass surface results in a

complex, but structured interference pattern that can be projected onto the object

surface [45]. As discussed in section 4.1, we have used the laser speckle pattern

to provide artificial texture that can be detected and matched by SIFT algorithms.

A significant requirement for the laser speckle system is that the object surface

diffusely reflects the speckle pattern in order for the pattern to be observed on the

objects surface. There will also be some further interaction of the laser speckle

pattern with the object surface, creating "subjective speckle". Subjective speckle is an

unwanted pattern as it will vary depending on the camera position and, therefore,

will not produce corresponding features. However, by selecting a sufficiently low

F-stop value (F/8), the contrast of the subjective speckle can be reduced to become

effectively zero.

Fig. 4.2 Schematic design of the laser speckle projection system..

4.3 Artefacts

As we have seen in section 2.7, a sphere and ball bar are required for the verification

of a photogrammetry system according to VDI/VDE 2634 part 3. Therefore, one
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10 mm diameter and three 5 mm diameter tungsten carbide tooling balls were

selected to construct the required artefacts [100]. The tungsten carbide tooling balls

have a uncertainty on the radius of 0.2 µm and Ra of 0.25 µm whilst still having

a diffusely reflecting surface ideal for photogrammetry. The 10 mm sphere was

used as the probing error measurement sphere and placed in a object holder for

individual use. The three 5 mm spheres were used to construct a ball plate, the

design of which can be seen in figure 4.3. The triangular orientation of spheres in

figure 4.3 was chosen such that three individual ball bar lengths could be measured

from a single measurement. The ball bar lengths were calibrated using a Ziess F25

CMM with a maximum permissible error of 0.25 µm + L/666 µm, where L is the

length of the ball bar. After calibration, the 6 mm, 8 mm and 10 mm lengths were

found to be 5.942 mm, 7.956 mm and 9.957 mm respectively.

8 mm

10 mm

6 mm

Fig. 4.3 Ball plate design, comprising of three spheres on the corners of a right-
angled triangle. This provides three individual ball bar lengths of approximately
6 mm, 8 mm and 10 mm.

4.4 Modified tests

The probing form and size error tests can be performed exactly as described in

VDI/VDE 2634 part 3. However, replicating the ball bar arrangements in figure

2.17 proves problematic when including the laser speckle projection system. As can
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be seen in figure 4.2, the laser speckle projection system is placed directly above the

object to provide optimal coverage of the object’s surface. Due to the design of the

system, it is not possible to project the speckle pattern onto two spheres when they

are vertically aligned. Due to the limiting effect of projecting texture from above,

vertical ball bar arrangements such placement one in figure 2.17 are unable to be

measured. In order to compensate for this missing position, an additional tilted

measurement was taken to give the ball plate orientations shown in figure 4.4.

Fig. 4.4 Ball bar plate orientations, as used in the verification tests. Each arrow
represents the angular orientation of the plate edge parallel to arrow 1.

Modifications to the evaluation process were also made in order to better agree

with other CMM specification standards. ISO 10360 part 8 [52] outlines some

acceptance tests for CMMs with optical distance sensors, many of which are similar

to those in VDI/VDE 2634 part 3. According to ISO 10360 part 8, each test will be

repeated three times in order to provide more data sets for the evaluation of the

system. VDI/VDE 2634 part 3 also provides some basic methods for the evaluation

of quality parameters. An appropriate method of uncertainty evaluation is outlined

by ISO 15530 part 3, suitable for photogrammetry applications [32]. ISO 15530

part 3 describes uncertainty evaluation for a CMM using a calibrated workpiece.

As photogrammetry requires some calibrated length to scale a reconstruction, ISO
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15530 part 3 provides an ideal method for uncertainty evaluation. ISO 15530 part 3

defines the expanded uncertainty by

U = k
√

u2
cal + u2

p + u2
b + u2

w (4.1)

where k is the coverage factor (k = 2 for a 95% confidence interval), ucal is the

standard uncertainty of the calibrated workpiece, up is the standard uncertainty

of the measurement being made, ub is the standard uncertainty of the systematic

errors in the measurement process and uw is the standard uncertainty associated

with material and manufacturing variations between the object being measured and

calibrated workpiece. As the reconstructions are entirely scaled using the calibrated

workpiece, ub will be always be zero. Similarly, as the calibrated workpieces and

measurement objects have been manufactured in the same way with the same

materials, uw is also assumed to be zero. The expanded uncertainty can then

be evaluated using the standard uncertainty of the measured parameter and the

standard uncertainty of the workpiece used to scale the reconstruction.

4.5 Results

This section describes the process of obtaining and evaluating the data for the

verification tests described in section 4.4. Each test was performed three times by

taking thirty images through 180◦ of rotation. Once the images had been taken,

the reconstruction was performed using commercial photogrammetry software

(Agisoft PhotoScan) to produce a dense point cloud of the object [2]. The dense

point cloud was then exported from the software for analysis and measurements

to be made. All measurements were performed under the same conditions, with

temperature variations (± 0.5 ◦C) being sufficiently small to have no significant
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effect on measurements [9]. As the ball bar plate is manufactured from mild steel,

a 0.5 ◦C) variation in temperature would only result in a length variation of ± 0.16

µm. The procedure for repeat measurements was to reset the entire system and

alter the speckle pattern such that a different pattern is observed on the object

surface.

4.5.1 Sphere form and sizing error

The sphere form and sizing error test was performed in agreement with the

tests described in Section 2.4. The 10 mm sphere was used as the main sphere

for measurement, with the camera placed in five arbitrary positions and each

measurement repeated three times. The camera positions were chosen in order to

produce approximately the same magnification and elevation. In order to provide

a length to scale the reconstruction, the ball plate was placed in close proximity to

provide two additional spheres within the reconstruction volume. The calibrated

radii of the two ball plate spheres could then be used to accurately scale the main

sphere. A magnification of 1:3 was chosen to ensure that all spheres are in focus

for the majority of the measurement, whilst maximising the resolution of the main

sphere. An elevation of approximately 45
◦ was also chosen to provide the best

coverage of the sphere surface. Once all images had been captured, each was

reconstructed using commercial photogrammetry software (Agisoft PhotoScan) and

each spheres point cloud exported individually [2].

The point cloud data was then analysed by fitting each sphere with a least-

squares regression, according to

(xi − a)2 + (yi − b)2 + (zi − b)2 = r2 (4.2)
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where [xi,yi,zi] is the ith entry of N coordinates, [a,b, c] is the sphere centre and r is

the sphere radius. The parameters of equation 4.2 are solved through the simple

linear relation

A



a

b

c

d


= 0 (4.3)

where A is defined as

A =



x1 y1 z1 1

x2 y2 z2 1
...

...
...

...

xN yN zN 1


= e, (4.4)

e is defined as

e =



−(x2
1 + y2

1 + z2
1)

−(x2
2 + y2

2 + z2
2)

...

−(x2
N + y2

N + z2
N)


(4.5)

and r =
√

a2 + b2 + c2 − d. Once equation 4.3 has been solved, the radial error, ∆ri,

of each point can be calculated from

∆ri =
√
(xi − a)2 + (yi − b)2 + (zi − c)2 − r. (4.6)

The sphere fit is then further refined according to the ISO 10360 part 8 standard

by removing 5 % of points with the greatest radial errors, according to equation

4.6. With the refined data, the sphere fitting process is repeated to give a final fitted

radius r and the radial errors for the refined points ∆r. The fitted radius r and the
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radial errors ∆r can then be scaled using the fitted radii of the two 5 mm spheres.

Table 4.1 shows the fitted radius and standard deviation of the radial errors for all

measurements. Table 4.1 also shows the mean value of all the fitted radii as well as

its associated standard deviation.

As can be seen in table 4.1, the system was able to produce a point cloud with

a form standard uncertainty of around 8.3 µm and a sizing standard uncertainty

of 4 µm on a sphere of radius 4.999 mm. The expanded uncertainty of the sizing

error can then be calculated from equation 4.1 to give 8 µm with a coverage factor

of two, according to the ISO 10360 part 8 standard. Similarly, the form errors give a

mean expanded uncertainty of 17 µm with a coverage factor of two. As two 5 mm

spheres were used as the calibrated workpiece, the radius uncertainty of the 5 mm

spheres was used as the standard uncertainty on the calibrated workpiece.

Table 4.1 Sphere form and sizing errors

Camera Position Fitted radius, r Standard deviation
/mm of ∆r / µm

A 4.993 5.003 5.001 7.8 8.3 7.6
B 5.003 5.007 4.998 8.9 8.5 8.4
C 5.006 5.006 5.001 7.6 8.5 8.3
D 5.000 5.000 4.998 7.6 7.1 8.3
E 5.005 4.996 5.007 9.4 8.1 10.7

Mean 5.001 8.3
Standard deviation / µm 4

4.5.2 Sphere spacing error

Using the ball plate described in section 4.3, the sphere spacing error test was

performed as described in section 4.4. All orientations shown in figure 4.4 were

measured three times, for all three lengths. As in section 4.5, the camera was placed

in order to produce a magnification of 1:3 such that all three spheres were in focus

for the majority of the measurement. Unlike the previous section, the camera was
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placed at a slightly higher elevation in order to ensure the camera depth of field

more evenly covered the ball plate surface.

Again, once all measurements had been taken and reconstructed, all three

spheres were fitted using the same process outlined in section 4.5.1. The sphere

spacing lengths were then calculated according to

Lr,1 =
√
(a1 − a2)2 + (b1 − b2)2 + (c1 − c2)2, (4.7)

Lr,1 =
√
(a2 − a3)2 + (b2 − b3)2 + (c2 − c3)2, (4.8)

Lr,1 =
√
(a3 − a1)2 + (b3 − b1)2 + (c3 − c1)2 (4.9)

where Lr,i is the recontruction length i and [ai,bi, ci] are the coordinates for the

centree of sphere i. For each length, the metric value can then be calculated from

Lm,1 = Lr,1(Lc,3/Lr,3), (4.10)

Lm,2 = Lr,2(Lc,3/Lr,3), (4.11)

Lm,3 = 0.5Lr,3((Lc,1/Lr,1) + (Lc,2/Lr,2)) (4.12)

where Lm,i and Lc,i are the metric measurement and calibrated value of length

i, respectively. Using this method, the test was performed for all lengths, three

times in all seven positions. The measured lengths for the sphere spacing error can

be seen in table 4.2 along with the mean of each length, the difference from the

calibrated value and the standard deviation on the mean.

Table 4.2 shows that the system was able to measure lengths between 6 mm

and 10 mm, to a standard uncertainty of around 10 µm to 12 µm. Based on the

maximum permissible error of the sphere spacing calibrations of 0.25 µm, the
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Table 4.2 Sphere spacing errors

Position Lm,1 /mm Lm,2 /mm Lm,3 /mm
1 5.937 5.943 5.946 7.953 7.961 7.964 9.964 9.954 9.949

2 5.917 5.941 5.914 7.960 7.956 7.974 9.977 9.959 9.970

3 5.928 5.938 5.924 7.946 7.971 7.953 9.976 9.952 9.975

4 5.941 5.953 5.936 7.920 7.925 7.957 9.982 9.968 9.962

5 5.952 5.942 5.945 7.952 7.957 7.955 9.952 9.957 9.956

6 5.947 5.950 5.943 7.962 7.959 7.956 9.950 9.949 9.957

7 5.970 5.943 5.934 7.956 7.956 7.946 9.960 9.957 9.971

Mean /mm 5.939 7.954 10.037

Lm,i − Lc,i -3.3 -3.0 4.6
/ µm

Uncertianty 13 13 10

/ µm

expanded uncertainty on the sphere spacing measurements with a coverage factor

of two are 25 µm, 25 µm and 20 µm for the 6 mm, 8 mm and 10 mm lengths

respectively, as seen in table 4.2.

4.6 Conclusion

In this chapter, a laser speckle projection system has been used to provide observ-

able texture on the surface of smooth verification artefacts that would otherwise

appear featureless. Using the laser speckle, acceptance tests modified from the

specification standards VDI/VDE 2634 part 3 were performed on a set of veri-

fication artefacts with surface height variations less than 1 µm. With such low

surface height variations on the verification artefact, the measurement uncertainty

can potentially be evaluated to uncertainties on the order of a micrometre. The

sizing, form and sphere to sphere length measurement expanded uncertainties of

the photogrammetry system under test were found to be 8 µm, 17 µm and 25 µm

over a 95 % confidence interval, respectively.
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In conclusion, this chapter has demonstrated a technique for the evaluation of

photogrammetry measurement uncertainties on the order of a micrometre. Given

the expanded uncertainties achieved by the photogrammetry system under test, this

will provide a standard verification method for further advancements in micro-scale

photogrammetry technology. In order to develop this methodology as a potential

extension to the VDI/VDE standard, further work will also be done on better

characterising the effect of laser speckle for texture projection.



Chapter 5

Stereo-camera verification

5.1 Introduction

This chapter aims to apply the VDI/VDE 2634 part 2 standards (discussed in section

2.7.1) to the stereo photogrammetry system discussed in chapter 3 in order to verify

the performance of the system. Unlike the DSLR camera used in chapter 4, the

cameras used in this chapter are machine vision cameras (Basler Ace acA4024-

29um) with a 12 MP sensor and a pixel pitch of 1.85 µm. As DSLR cameras have a

mechanical shutter, they produce significant vibration during the imaging process.

Therefore, the use of machine vision cameras is required in order to achieve the high

accuracy characterisation of the extrinsic properties of the stereo-camera set-up.

Unfortunately, the small pixel size of the machine vision cameras compared to the

DSLR makes the application of the laser speckle used in chapter 4 problematic.

As discussed in section 4.2, the F-stop value for the DSLR camera could be set

sufficiently low in order to average out the subjective speckle effect. However, with

the machine vision camera, the small pixel pitch and sensor size make limiting

the F-stop values unsuitable. The F-stop required to suitably reduce the subjective

speckle effect is too low to provide a sufficient depth of field for the required
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measurement volume (100 mm × 100 mm × 100 mm). The inability to use laser

speckle for texture projection makes the measurement of featureless, calibrated

objects difficult with the stereo-photogrammetry system described in chapter 3.

In order to produce correspondence of the verification artefacts, fringe projection

based methods can instead be applied instead of laser speckle texture projection.

For this chapter, temporal methods were utilised due to the independence of each

pixel from its neighbours. The exact method of phase calculation will be discussed

in detail in section 5.2.3. Once the phase of each camera pixel is calculated, it

can then be related back to a particular horizontal pixel coordinate up within the

projector. The epipolar geometry constraint between the camera and projector

discussed in section 2.3.3, can then be used in order to determine the vertical

projector pixel coordinate vp after which the three-dimensional coordinates of the

point can be calculated.

This method of finding correspondence between the projector and camera makes

the point-to-point uncertainty between correspondences much more consistent

than photogrammetry methods. This improved consistency in correspondence

is why the accuracy of a fringe projection measurement is typically better than

photogrammetry systems with similar measurement volumes [15]. Although this

assertion does not hold true for a range of materials and geometries, it is certainly

the case for diffusely reflecting calibrated artefacts. As discussed in chapter 3, the

uncertainty of any one particular image feature lies on some unknown distribution

and is the result of a multitude of factors. However, by finding correspondence

between camera images using encoded phase, the influence of feature uncertainty

can be greatly reduced, or at the very least made more consistent. Rather than

having a distribution of point uncertainties, the phase encoding of the image

pixels allows the measurement uncertainty of the stereo-photogrammetry to be
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evaluated in optimal conditions. This separation of measurement uncertainty from

system characterisation and from the feature matching process allows for a better

understanding of the contributions to the uncertainty in stereo-photogrammetry

measurement. A better understanding of the uncertainty contributions allows

for the identification of key areas for improvement and informs the development

process.

In this chapter, a method for the verification of a stereo-photogrammetry system

is demonstrated in which a low-cost projector is utilised to provide correspon-

dence. The verification method differs from that in chapter 4 as it is more suitable

for cameras with smaller sensor dimensions and for systems based on stereo-

photogrammetry principles. This chapter is also a continuation of chapter 3 in

which a stereo-photogrammetry system was modelled in order provide theoretical

estimations of the uncertainty on form measurements.

5.2 Methodology

5.2.1 Verification tests

The verification tests described in section 2.7.1 can be applied directly to the stereo-

photogrammetry system used in chapter 3. According to the VDI/VDE 2634 part

2 standard, a 50 mm long ball bar, a 20 mm diameter sphere and a calibrated flat

were all selected as appropriate for the verification test. Although the 50 mm ball

bar may be slightly less than 0.3 of the longest diagonal length of the measurement

volume, VDI/VDE 2634 part 2 does specify that alternative lengths may be used if

required, provided that the length is provided. Given the expanded uncertainties

for form measurements in chapter 3, the requirement for the calibration uncertainty

should be at substantially less than 5.9 µm. The calibration data shows that the ball
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bar length is 49.944 mm ± 0.81 µm (k=2), the sphere has a diameter of 20.001 mm

+ 1.02 µm/− 0.63 µm (k=2) and the maximum deviation of the calibrated flat

from a fitted plane is ± 2.6 µm (k=2). Using the ball bar, sphere and flatness

artefacts, the measurements described in section 2.7.1 were all made with the stereo

photogrammetry system using phase values to find corresponding pixels.

5.2.2 Fringe projection

Fringe projection methods are in principle similar to stereo-photogrammetry and

are based on the triangulation of common points between projectors and cameras.

Effectively, one camera within the stereo pair is replaced with a projector and

the correspondence is now determined by the properties of the projected light

[46]. The method by which the correspondence is evaluated varies, but can be

generally dived in discrete and continuous techniques. There is wide range of

discrete techniques including De Bruijn sequences [8, 41, 96], M-array techniques

[29] and binary encoding and Gray encoding [89]. Although discrete methods have

been shown to be effective, the scope of this work will mainly focus on continuous

methods.

Continuous methods encode the pixel position within the projector through the

phase of a sinusoidal signal . The relationship of the horizontal phase ϕ to the pixel

position is described by

ϕ(up,vp) = up (2π/T) (5.1)

where ϕ(up,vp) is the phase of the signal at the pixel position (up,vp) within the

projector and T is the period of the signal in pixels [46]. There are a range of

methods by which the phase of the projector pixel can be captured by the camera

and is typically grouped into spatial and temporal methods. Spatial methods are

typically faster, but requires a continuous surface as it cannot handle discontinuities
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[128]. Temporal methods instead encode phase through a series of images such

as heterodyne frequency phase stepping methods [92] and phase stepping with

discrete fringe order encoding [89].

5.2.3 Phase extraction

The method of phase encoding used in this work is based on the projection of a

sinusoidal pattern at a number of different phase steps. At least three different

offsets are applied to the sinusoidal pattern and an image is captured at each step.

The captured image is described by

I(u,v,k) = I′(u,v) + I′′(u,v)cos[ϕ(u,v) + δ(k)] (5.2)

where I(u,v,k) is the pixel intensity captured at camera pixel (u,v) at phase offset

k, I′(u,v) is the average pixel intensity, I′′(u,v) is the intensity modulation of the

projected light, ϕ(u,v) is the phase of the camera pixel and δ(k) is the phase offset.

The phase value ϕ for any particular pixel can then be retrieved by capturing N

images with phase steps distributed between −π and +π by the equation

ϕ(u,v) = −tan−1

(
∑N

k=1 I(u,v,k)sin[δ(k)]

∑N
k=1 I(u,v,k)cos[δ(k)]

)
. (5.3)

As can be seen in equation 5.3, the inverse tangent function results in a 2π modula-

tion of the calculated phase. This 2π modulated phase data is referred to as the

wrapped phase and must be unwrapped by applying a fringe order correction by

which multiples of 2π are added. The effect of 2π modulation can be seen in figure

5.1. Various methods of unwrapping exist, however, for simplicity a binary encoded

pattern was instead projected in which the fringe order map kmap is converted to

binary values and projected onto the artefact. The globally unwrapped phase map
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Φ, can then be calculated through

Φ = ϕ + (2πkmap). (5.4)

Although conventional decimal to binary vector conversion could encode the fringe

order of each pixel, a further improvement was implemented by instead encoding

the fringe order in Gray code. As can be seen in figure 5.2, binary and Gray code

have a different structure. The rows in figure 5.2 correspond to the values 0 to 127,

with the columns representing each bit of the converted decimal value. As can also

be seen in figure 5.2, Gray code benefits from the different structure as ambiguity

in the final bit will only lead to errors of 1, whereas binary code leads to random

jumps in the decimal value. Gray code, therefore, allows for a simple search for 2π

jumps in the phase map with respect to neighbouring pixels, allowing an additional

correction to be made.

5.2.4 Disparity map calculation

Rather than directly triangulating corresponding features, the rectification of the

stereo images and the calculation of a disparity map is more efficient for the trian-

gulation of a large number of points. The first stage of the disparity map calculation

process is the rectification of the stereo images, in which a transformation is applied

to the images in order to project them onto the same plane. A physical representa-

tion of the rectification process is shown in figure 5.3 and demonstrates that image

rectification effectively transforms each image such that epipolar lines (shown in a

dotted line in figure 5.3 (c)) are parallel. Effectively, a point from an object shown

in figure 5.3 (a) is projected onto the left image 5.3 (b) which is then transformed

into the rectified image.
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Fig. 5.1 Comparison between wrapped and unwrapped phase maps.

Fig. 5.2 8-bit encode binary and Gray code in which rows correspond to 0 to 128

and columns represent each bit.
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Stereo images

Rectified images

Object(a)

(b)

(c)

Fig. 5.3 Image rectification principle.



5.2 Methodology 111

The benefit of the rectification process is that the search for correspondences is

limited to a single line. By extracting the same line from both rectified unwrapped

phase images, the search for correspondences is simply achieved by finding points

at which the phase value matches. A slice of phase values for each rectified phase

map can be seen in figure 5.4 in which the distance between the corresponding

phases in the left and right images is the disparity value.

Fig. 5.4 Slice of each rectified phase map demonstrating the disparity offset between
images.

The generation of the disparity map is achieved by iteratively taking each

phase value in the left image and comparing it with the corresponding slice of the

right image. The absolute difference of the right image slice phase and a single

pixel in the left image is shown in figure 5.5. By extracting the two lowest phase

differences from the line shown in figure 5.5, a linear fit between the two points can
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be determined, giving a sub-pixel level disparity value between the left and right

image. The disparity map can then be used to generate point clouds for analysis.

Fig. 5.5 Evaluation of disparity through the sub-pixel localisation of the zero
crossing.

5.3 Results

The results for the sphere measurements can be seen in table 5.1. The 20 mm sphere

was measured in the ten positions shown in figure 2.16 and a least-squares sphere

fit was applied to each point cloud. The sphere fitting process was performed

iteratively, removing the point with the maximum radial deviation until three

points per 1000 of the original data were removed. The fitted sphere radius and

maximum radial deviation from the nominal radius were taken and is shown in

table 5.1. The mean sphere diameter was found to be 19.993 mm ± 123 µm with
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a maximum deviation from the calibrated value of 146 µm. The maximum form

deviation of all the sphere measurements was also found to be 0.106 mm.

Table 5.1 Sphere fitted radii, maximum radial deviations and radial standard
deviations

Sphere Fitted diameter Difference from Maximum radial Standard
position /mm calibration /µm deviation /µm deviation /µm

1 20.026 25 69 22

2 19.781 -22 80 24

3 20.109 108 77 19

4 19.978 -23 11 26

5 19.902 -99 102 30

6 20.144 143 67 20

7 19.855 -146 75 20

8 20.071 70 77 22

9 20.120 119 75 27

10 19.940 -61 106 29

Mean 19.993 -8

Similar to the sphere measurements, the ball bar was measured in the orienta-

tions specified by the VDI/VDE 2634 part 2 standard, and is shown in figure 2.17.

The points corresponding to each sphere were then separated and the same least-

squares fitting protocol as used for the sphere measurements was applied.Once the

worst three in every 1000 points was removed from each sphere, according to the

VDI/VDE 2634 part 2 standard, the fitted sphere centre for each sphere was taken.

The geometric distance between the sphere was then calculated for each position

and can be seen in table 5.2. The average ball bar length was found to be 49.986

mm ± 36 µm with a maximum deviation from the calibrated value of 97 µm.

Finally, the calibrated plane was measured in the positions shown in figure

2.18 according to the VDI/VDE 2634 part 2 standard. The central flat section was

then extracted from the point cloud and a plane was fit to the point cloud using

a least-squares algorithm. Again, an iterative approach to the fitting is applied in

order to remove the worst three points per 1000. The maximum deviation from the
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Table 5.2 Sphere to sphere distance measurements

Ball bar Sphere to Deviation from
orientation sphere distance /mm calibration /µm

1 49.969 25

2 49.982 38

3 49.982 38

4 49.934 -10

5 49.969 25

6 50.041 97

7 50.025 81

Mean 49.986 42

fitted plane was then taken and is shown in table 5.3, in which the highest recorded

value was 0.236 mm.

Table 5.3 Flatness maximum deviations and standard deviations

Flat position Maximum deviation Standard deviation
from flat /µm from flat /µm

1 144 58

2 138 51

3 236 99

4 140 47

5 105 35

6 77 22

5.4 Discussion

5.4.1 System measurement uncertainty

According to the VDI/VDE 2634 part 2 standards, the acceptance tests are successful

if the required maximum permissible error is not passed by any of the measurement

results. Based on the acceptance test requirements, the maximum permissible error

for the sphere form, sphere size, length measurement and flatness are 186 µm,

143 µm, 96 µm and 243 µm, respectively. Although these maximum errors are
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substantially higher than the expanded measurement uncertainties predicted in

chapter 3, the standard deviations of the sphere form and flatness measurements

do correspond to measurement uncertainties for feature location uncertainties on

the order of 1 pixel. As the feature location uncertainty is unknown, it is difficult to

ascertain how accurate the uncertainty model is, but the relatively close agreement

does suggest the model is somewhat accurate.

5.4.2 Systematic effects

As section 3.3.1 in chapter 3 suggests, there are expected to be some systematic er-

rors in the characterisation of the stereo-photogrammetry system that will manifest

in the measurement data. As systematic errors will effectively result in non-linear

offsets in the measurement volume, this can be effectively thought of as variations

in the local scale factor throughout the measurement volume. This will manifest

as slight scale differences in the sphere measurements depending on the sphere

position within the measurement volume, as well as a distortion of the apparent

length of ball bars. This effect can be seen in the sphere size measurement data

with consistent decreases in sphere radius from position 1 to 2, 4 to 5, 6 to 7

and 9 to 10, all corresponding to shifts from the right side to the left side of the

measurement volume. The effect is also demonstrated by the lower errors in the

length measurement errors compared to the sphere size errors. As the ball bar

length is larger than the sphere diameter, it will effectively average over a larger

range of scale factor variations than the single sphere. This leads to a scenario in

which the length measurement error decreases with longer lengths as the local

variations in the scale factor are averaged until the global scale factor uncertainty is

reached. This local scale factor also accounts for the substantially larger standard
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deviation in the sphere sizes and length measurements compared to the standard

deviation on the sphere form.

5.4.3 Correspondence

As can be seen in table 5.3, the flatness maximum errors and standard deviations

are both substantially higher than the sphere form standard deviations and ball

bar length measurement errors. The reason for this can be seen in figure 5.6 in the

structured pattern to the deviations from a plane. Through repeat measurements

made to produce this data and refine the process, it was found that the magnitude

and spatial frequency of this deviation becomes lower when the characterisation of

the stereo-photogrammetry parameters is more accurate. As such, this dependence

of the structured deviations on the characterised system parameters suggests some

complex relationship with the calibration accuracy and the correspondence method

proposed in this chapter. A strength of this method is that non-linearities in the

projector intensity should be heavily reduced as the same cameras with the same

settings are used. Effectively, both cameras should always "see" the same phase for

the same point, regardless of the non-linear response of the projector. However,

this is only true in the case of a perfectly calibrated system. As the correspondence

method used relies on epipolar geometry to refine the phase matching search to

a single line, the accuracy of the characterisation will determine the effectiveness

of the matching process. Any offset in the stereo-camera parameters will result in

a slightly different search line that will effectively destroy the robustness of the

system to non-linearities.

Although the correspondence method outlined in this chapter generates its

own systematic errors, it does provide an interesting potential to quantify the

"accuracy" of the system under test. Rather than relying on the time consuming
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process of repeat measurements, a non-linearity could be induced in the projector

resulting in magnified flatness deviations. The effect of systematic offsets in the

stereo-photogrammetry measurements would effectively be magnified allowing

for a much finer evaluation accuracy than other methods. Potentially, through the

measurement of planes in multiple orientations, this method could also allow for a

more accurate characterisation of the stereo-photogrammetry system.

Fig. 5.6 Flatness measurement deviation from a plane in position 1.

5.5 Conclusion

Through the use of a low-cost projector to provide correspondence between cam-

eras, a methodology has been presented that allows for the VDI/VDE 2634 part 2

acceptance tests to be performed on a stereo-photogrammetry system. The method-

ology is particularly suited to systems composed of cameras with small sensor sizes,

making the use of laser speckle texture projection unsuitable. The methodology

was then applied to the stereo-photogrammetry system modelled in chapter 3 and

the measurement results compared with the results from the uncertainty modelling
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results of this chapter. The theoretical and experimental measurement uncertainties

were generally in agreement, with variations being explained by the anticipated

effects of systematic offsets in the system parameters. Although the phase corre-

spondence method was successful on measurements with a small area, such as with

the spheres, a low spatial frequency variation in the measurements was seen on

large flat surfaces. The variability of the low spatial frequency variations was shown

to be dependant on calibration accuracy, and as such, is likely to the be the result

of a magnification of errors caused by non-linearities in the projector. Although

this low spatial frequency error likely results in an increase in the measurement

errors, it does provide a strong indicator of measurement accuracy. In future work,

the exact nature of the low spatial frequency variation will be further investigated

and its use as a novel calibration metric will be tested.



Chapter 6

Case studies

In this chapter, several case studies are presented that were aided by the knowledge

and systems developed through the work performed in chapters 3 to 5. The work

ranges from the data fusion of photogrammetry with additional measurement

technologies to the applications of laser speckle texture projection.

6.1 Fusion of photogrammetry and CSI data

6.1.1 Introduction to fusion of photogrammetry and CSI data

Multisensor data fusion is a promising approach to enlarge the spatial bandwidth

of measuring techniques and improve accuracy, taking advantage of the strengths

of different techniques. The 2009 CIRP Keynote [119] provides excellent insight

into the use of multisensor data fusion for dimensional metrology in order to get

holistic, more accurate and complete information about a workpiece based on

measurement from one or more sensors, data processing and modelling of the

measurement procedure. Different data types can be integrated in dimensional

geometry. Generally, data types are indexed as homogeneous integration when
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combining the same type of data (e.g. 3D point clouds), while inhomogeneous

integration is required in all other cases. Different methods have been developed

for the fusion of information from different sensors. A two-stage multisensor

data fusion model (Gaussian model) is presented by Colosimo et al. [19]. Fringe

projection data (high density points but low accuracy) are fused with a smaller set

of data acquired with a touch-probe coordinate measuring machine (CMM) (lower

point density but higher accuracy). The Gaussian process model is built using the

high-density dataset, then the two datasets (homogeneous data sets) are linked

through a linkage model. In reference [126], the Gaussian process method for

measurement of complex geometries is presented and the validity and application

of the method is evaluated. Moreover, the same approach is applied by Chen

[16]; changing the systems and using artificial datasets (fusion of point scanning

laser scanning microscopy and atomic force microscopy). Different methods, based

on weighted fusion functions, are described elsewhere [116]. All the previously

described methods only work effectively for homogeneous datasets.

Ramasamy [90] compared different data fusion algorithms for coherence scan-

ning interferometry (CSI) using three different methods: Regional energy based,

regional edge intensity based, and a combination of wavelet coefficients and local

gradients were applied on different samples. Regional edge intensity was selected

as the preferred fusion method for surface metrology, considering that the method

was mainly focused on homogeneous datasets (CSI data at different magnifications).

A multi-scale approach was presented and discussed both for the fine registration

and for the fusion. A more general study was developed in reference [90], in which

inhomogeneous data sets are fused: from an optical CMM and CSI.

In this section, a registration method and a fusion of data from different domains

(inhomogeneous data sets), moreover from completely different scales is presented.
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The two methods are photogrammetry data, as a 3D point cloud, and CSI data,

as a series of heights on a uniform 2D grid. The higher resolution component of

the photogrammetry data is the colour information rather than the 3D shape of

the measured sample, as is seen in figure 6.2. The previous work outlined in this

section was mainly focused on the fusion of surface topography measurements

over similar measurement areas, using different measurement methods. However,

in this work we attempt to register data on completely different scales, focusing

on the localisation of micro-scale surface texture with respect to macro-scale form

information.

6.1.2 Methodology for fusion of photogrammetry and CSI data

CSI is a measurement technique typically used for the measurement of micro-

features and surface texture [60]. The field of view (FOV) for CSI methods typically

ranges from tens of micrometres to a few millimetres, requiring many stitched mea-

surements to cover larger areas. Surface topography measurement within a single

FOV for CSI has relatively high accuracy compared to stitching of a large number

of single measurements. Stitching of multiple CSI measurements can result in

significant error of the surface form, due to the increased measurement uncertainty

from the complex form and surfaces with high roughness [105] and as a result of

the lateral distortion of the CSI system [27]. If lateral distortion is not corrected

for, it can result in distortions to the measured surface geometry depending on

where in the field-of-view a region is located. In turn, this negatively effects the

registration of overlapping regions when stitching multiple CSI measurements.

At a FOV of around 10 mm to 20 mm, photogrammetry can achieve spatial

resolutions on the order of 4 µm to 10 µm, depending of the camera being used.

Recent work has also shown that photogrammetry is able to obtain measurement



122 Case studies

uncertainties on the order of 10 µm over a FOV of around 20 mm [101], although

accurate scaling methods over such ranges is problematic. Photogrammetry is able

to capture form information at a lower spatial resolution than CSI with arbitrary

scale, but can do so over a much larger FOV.

However, despite the lower spatial resolution of the form information captured

by photogrammetry, the colour or image intensity information provides much

higher resolution information about the object’s surface. It is the colour informa-

tion, or intensity for gray-scale images, of the photogrammetry data that provides

sufficient overlap in sampled spatial frequencies that allows pre-alignment of the

CSI point cloud to be achieved. The pre-alignment is required in order to account

for the significant differences in the geometries measured by the CSI and pho-

togrammetry. As there is a significant difference in the spatial bandwidths captured

by the photogrammetry and CSI measurement methods, the direct application of

ICP algorithms to the data will not result in a successful registration [6]. The nature

of photogrammetry also means the resultant point cloud will have an arbitrary

scale, requiring additional calibration to extract metric information. Fortunately,

by pre-aligning the photogrammetry data with the CSI data, the photogrammetry

point cloud can be appropriately scaled prior to the final registration.

The general pipeline for the fusion process can be seen in figure 6.1. Initially, the

point cloud from the photogrammetry system is sampled as a 2D image and the

CSI intensity map is processed in order to better represent the visual appearance

of the region being measured. Feature matching algorithms are applied to the

photogrammetry and CSI images in order to generate a planar transformation and

scaling between the two data sets. This planar transform and scale factor allows

the photogrammetry scale to be determined and the CSI data to be aligned in a

single plane. This planar alignment of the CSI data fixes three degrees of freedom,
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ensuring an ICP algorithm will successfully minimise the point cloud differences in

an acceptable time frame. Finally, the point clouds are fused by removing points in

the photogrammetry data that overlap with the CSI measurement region. The CSI

data is then merged with the photogrammetry point cloud, replacing the original

low-resolution data.

For this application, the CSI data were acquired with a ZYGO NewView™ 8300

CSI system using a Michelson 5.5× objective lens and a 0.5× zoom lens. The images

used for the photogrammetry were acquired with a Nikon D3300 DSLR with a 60

mm macro lens and covering a FOV of approximately (20 × 20) mm. A total of

thirty images were taken at a single camera elevataion and radius through a full

rotation of the coin in the axis normal to the coin surface. The reconstruction of

the images was achieved with Agisoft PhotoScan [2] and the final point cloud was

exported as a tab-delimited text file (the point cloud).

6.1.3 Results for fusion of photogrammetry and CSI data

The first stage of the pipeline (shown in figure 6.1) requires both data sets to be

projected into a 2D image for feature recognition methods to be applied. The nature

of the CSI measurement means the CSI intensity map is already in the correct

format. However, the photogrammetry data must be projected on to a plane and

sampled into a discrete image. For this work, a one pence coin (British sterling)

was used to demonstrate the procedure. For the coin sample, the point cloud was

fitted to the x-y plane and projected along the z-axis to produce an image. The

intensity image of the photogrammetry data is generated by sampling the RGB

data of the point cloud in the x-y plane and then converting to a grey-scale image.

The sampling frequency used to generate the image was chosen to approximately

match the number of points in the point cloud. Assuming a square image, the
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Fig. 6.1 Pipeline for the fusion of the CSI and photogrammetry data
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number of samples was calculated as the square root of the total number of points

to maximise the spatial resolution of the intensity image.

Once the intensity images for both the CSI and photogrammetry data have been

generated, simple image processing is applied to the CSI intensity map to increase

the contrast of any features in the image.

Prior to the feature detection process, the CSI data is further processed in

order to account for the high number of high spatial frequency features visible

in the intensity images. A Gaussian filter with a standard deviation of 6 pixels

is applied to the CSI intensity image effectively blurring high-frequency features,

such that only features visible in both data sets are detected. Effectively, the spatial

bandwidth of the CSI data is reduced in order to only leave the region overlapping

with the photogrammetry data.

With two images for comparison, image feature recognition algorithms can

now be applied to determine the corresponding points between the data sets.

Due to their performance under scale, rotation and illumination differences, scale-

invariant feature transform (SIFT) algorithms where used to find corresponding

features between the images. Once the SIFT features have been detected in both

images and the descriptor vectors are assigned, the features are matched, and

a set of corresponding pixel coordinates are produced [68]. In order to remove

any false-positive matches, a fundamental matrix is calculated for the matched

image coordinates and any points that do not satisfy the matrix are removed. As

the fundamental matrix describes the relationship between points under different

views, this removes false-positive matches that do not follow the general trend in

point translation.

Finally, the relative rotation, translation and scale factor between the remaining

point correspondences can be calculated. This will provide further refinement of
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the data points until only positive matches remain. The translation matrix between

the two data sets is described by the equation


xCSI

yCSI

1

 = T


x
′
CSI

y
′
CSI

1

 (6.1)

where T is a 2D rigid homogeneous transform, (x
′
CSI ,y

′
CSI) are the old CSI coor-

dinates and (xCSI ,yCSI) are the shifted CSI data points. The 2D homogeneous

transform matrix encodes the relative translation and rotation to align the CSI data

in the x- and y-axes. The scale information is inversely applied to the photogramme-

try point cloud in order to scale the data. In the case of multiple CSI measurements,

an average scale can be calculated and applied to the data post-registration.

With the application of the 2D transformation matrix shown above, the CSI data

is now registered in the x-y plane. This 2D registration is shown in figure 6.2, where

the intensity image of the CSI and photogrammetry measurements are shown.

A simple z-axis registration is then applied by shifting the mean z heights of

both data sets to zero. With the CSI data now fixed in three degrees of freedom, ICP

algorithms can be applied to the CSI and photogrammetry point clouds in order to

refine the z-axis translation and rotations about the x- and y-axes. The preliminary

alignment is clearly necessary in order to reduce the number of iterations required in

the ICP algorithm and to ensure a convergence of the ICP algorithm in a reasonable

amount of time (the degrees of freedom are reduced from six to three thanks to the

preliminary phases).

After the registration, the data are fused in to a single point cloud. The area

of the photogrammetry point cloud corresponding to the CSI registered image is
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Fig. 6.2 CSI data alignment in the x-y plane
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removed and the CSI data substituted. The final point cloud is shown around the

CSI measurement regions in figure 6.3 and figure 6.4.

Fig. 6.3 Height map of the fused photogrammetry and CSI point clouds in the nose
measurement region

As expected, discontinuities are observed in the fused point cloud around sharp

transitions in height. The main difference in the CSI height map and photogram-

metry data is not the heights of any particular region, but the distinction of where

the step in height appears. As the CSI data provides a relatively high resolution

height map of the coin surface, there is a distinct step in height between different

regions, whereas the photogrammetry data shows a slope causing an apparent

shift in the position of the edge. The improved resolution allows the localisation of

micro-scale features, demonstrating the success of the methodology in increasing

the bandwidth of the fused point cloud. Additionally, the CSI data also shows a

significantly lower noise level compared to the photogrammetry data. This differ-
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Fig. 6.4 Height map of the fused photogrammetry and CSI point clouds in the
crown measurement region with magnified region
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ence in noise is to be expected as the the feature size on the coin is very close to

the resolution limit of the photogrammetry system. As a result, correspondence

becomes difficult to accurately define at the pixel level, resulting in high frequency

noise in the photogrammetry measurement.

With the CSI and photogrammetry data now registered, the topographies can

be compared in order to determine the effectiveness of the registration procedure.

The topography differences can be seen in figure 6.5 and figure 6.6 for the nose and

crown measurement, respectively.

The the comparisons between CSI and photogrammetry data can also be repre-

sented as Abbot-Firestone curves, in which the cumulative material ratio is shown

as function of height difference. The Abbot-Firestone curves for the nose and crown

regions are shown in figures 6.7 and 6.8. As can be seen in figures 6.7 and 6.8, 95

% of topography differences lie within + 24 µm / - 33 µm and + 22 µm / - 29 µm,

respectively . As would be expected, the most significant differences are observed

on high spatial frequency features, such as edge responses and finer details not

observed in the photogrammetry point cloud. These results confirm that the final

point cloud presents an increased resolution and accuracy in the areas measured

by the CSI (small details), and the overall and large-scale information from the

photogrammetry.

6.1.4 Discussion of fusion of photogrammetry and CSI data

In this section, a methodology for the fusion of CSI and photogrammetry data

has been presented with a test case scenario. A comparison of the final point

clouds shows reasonable agreement in the registration of the CSI point cloud with

the photogrammetry data, with only high spatial frequency features leading to

substantial differences. Considering the minimal overlap in spatial bandwidth
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Fig. 6.5 Difference map between the photogrammetry and CSI point cloud data at
the nose measurement region
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Fig. 6.6 Difference map between the photogrammetry and CSI point cloud data at
the crown measurement region
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Fig. 6.7 Abbott-Firestone curve for the nose measurement region
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Fig. 6.8 Abbott-Firestone curve for the crown measurement region
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between the two measurements, significant differences in small-scale features is to

be expected. However, 95 % of the topographies have differences of under 34 µm, in

agreement with measurement uncertainties typically achieved by photogrammetry

systems [14]. Based on the general agreement of the point clouds, this verifies the

CSI-photogrammetry fusion methodology’s potential to substantially increase the

spatial bandwidth of the subsequent point cloud. The fused point cloud covers

features on the order of 4 µm to 20 mm, allowing form and micro-scale texture

measurement simultaneously.

As a result of the significant difference in spatial frequencies captured by CSI

and photogrammetry measurements, comparison of the point clouds results in

differences of more than 10 µm. However, considering the nature of this fusion

methodology, significant differences are expected and demonstrate the additional

surface texture information gained. As can be seen in figure 6.3 and figure 6.4, there

is a general agreement in the aligned data sets, with differences mainly occurring

around edges and small-scale features. Figure 6.5 and figure 6.6 further demonstrate

the success of the registration with flatter regions at different heights exhibiting

similar levels of differences. In future work, the accuracy of the registration process

will be evaluated through the measurement of a pre-calibrated geometry. The CSI

data will be used for a high accuracy localisation of multiple features and the fused

photogrammetry data will provide geometric distances between those features for

comparison.

In conclusion, this section presents a new methodology for the fusion of CSI and

photogrammetry data. The fused point cloud presents a substantially increased

spatial bandwidth and accurate scaling of the photogrammetry data. With further

development, the methodology will allow accurate stitching of CSI data over large

areas without the need for high-precision motion stages.
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6.2 Laser speckle for additive manufactured parts

6.2.1 Introduction to laser speckle for additive manufactured parts

Metrology for additive manufacturing (AM) is still in the early stages of devel-

opment [111, 109, 30, 107]. The ability to measure highly complex and free-form

parts from a diverse range of materials is both beneficial, and problematic from a

metrological standpoint [62]. Mechanical contact techniques can provide accurate

3D measurements, but for complex parts, measurement times can be substantial.

As has been discussed in chapter 2, photogrammetry can provide dense recon-

structions of highly complex parts. A requirement of photogrammetry is that

some texture must be observable on the object surface, making the highly textured

surfaces of many AM parts ideal for finding point correspondences. For samples

that do not display sufficient surface texture for correspondences to be found, a

laser speckle projection system has been developed to project observable texture

onto the object surface [101].

In this section, measurement uncertainties for a series of AM test artefacts

are experimentally determined. The test artefacts have been produced in three

materials: polymer powder bed fusion (Nylon 12), metal powder bed fusion (Ti-

6Al-4V) and polymer material extrusion (ABS plastic). The design freedom of AM

allows a CAD design to be easily produced in a wide range of materials. This

range of materials, and hence surface textures, provides an opportunity to compare

measurements of nominally the same geometry with a variety of surface textures.

Each test artefact was measured with the photogrammetry system both without

and with laser speckle projection modes and the resulting point clouds compared

with the artefact CAD model. By then comparing the relative improvements in
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reconstruction quality, coverage and accuracy, the effectiveness of the laser speckle

projection system can be determined over a variety of materials and geometries.

6.2.2 Methodology for laser speckle for additive manufactured

parts

Photogrammetry system

The photogrammetry system used in this section is the same system as used in

chapter 4 utlising a laser speckle projection system. For the measurements in this

section, the camera was placed at an elevation of approximately 45
◦ in order to

provide the best image coverage of both horizontal and vertical features. A lighting

enclosure was also used in order to provide a diffuse and uniform light source

for photogrammetry measurements in the absence of laser speckle. The diffuse

lighting is produced with an open-sided box with a white diffusely reflecting

internal surface and LED strip lighting placed on the top inner surface.

Due to the success of the laser projection system implemented in chapter 4,

the same method was used for the laser projection in this work. The laser speckle

projection system utilised a laser diode (532 nm, 4.5 mW), focusing lens (50 mm,

biconvex) and a glass diffuser (600 grit polished). By focusing the laser beam onto

the ground glass, a random interference pattern could be produced and projected

onto the artefact surface. As in chapter 4, the projected laser speckle pattern

also results in some subjective speckle due to interactions with the object surface.

However, an F-stop value of eleven was chosen in order to produce a balance

between a sufficiently large depth of field and sufficient reduction in the contrast of

any subjective speckle.
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Artefact designs

The four artefacts were produced based on a previously designed artefact made

by the National Institute of Standards and Technology (NIST) [78], which was

designed to enable manufacturers to investigate the performance and capabilities

of their AM systems, with a variety of different geometrical features printed and

measured. The shapes included in the four designed artefacts were specifically

chosen based on a review of optical measurement techniques, as they have been

highlighted as problematic shapes to measure. As such, these artefacts have been

chosen to test the measurement technique with a variety of geometric features.

Figure 6.9 shows the artefacts that were additively manufactured in Ti-6Al-4V.

Artefact (a) was made to test recess geometry, as opposed to the majority of features

which extrude off the surface. Artefact (b) containing a sphere mounted in the

centre is problematic for optical techniques due to the steep and varying surface

slope angle. Artefact (c) was designed to test changing step heights, and the

depth of field when measuring features at different/increasing heights. Artefact

(d) containing pillars of different height and diameter poses problems for optical

techniques as the larger pillars create occlusions for the smaller ones, resulting in

missing data in the point clouds. By capturing a sufficient number of images, the

amount of occlusions can be minimised, however, this may be difficult when the

range of views is limited.

Scanning methodology

In order to compare photogrammetry with and without laser speckle, each artefact

was measured in the same position for both conditions. Each artefact was also

imaged thirty times through an angle of 270°, at equal spacing, in order to provide

the best coverage of the sample without risking collision with the laser speckle
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(a) (b)

(c) (d)

50 mm
50 mm

50 mm 50 mm

Fig. 6.9 AM artefacts produced in Titanium: (a) recess artefact; (b) sphere artefact;
(c) pyramid artefact; (d) pillar artefact.
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projection mounting. Each artefact was imaged successively, with and without the

presence of laser speckle, in order to ensure that all conditions for both measure-

ments were equal. This process was repeated for all four artefact designs in each

material in order to provide a range of data for the comparison of the effect of laser

speckle on both geometry and material differences.

Once all images had been captured, the photogrammetric reconstruction and

calibration was achieved using commercial software (Agisoft PhotoScan) [2]. Each

set of images produced a dense point cloud for which the 3D data could be

extracted and exported for comparison to the original CAD information. The form

measurement uncertainties for standard artefacts were around 17 µm with a 95 %

confidence interval, as determined in previous work [101].

Data analysis

For the comparison with the CAD data, each point cloud was aligned and compared

using commercial comparison software (CloudCompare) [43]. Due to the arbitrary

scale of photogrammetric reconstructions, the point clouds were initially registered

with the CAD data manually in order to provide an approximate registration for

further refinement. The point clouds were then finely adjusted using a least-squares

minimisation technique in order to match the CAD data as closely as possible.

Calculating the distance of each point to a mesh generated from the CAD data, the

error of each reconstruction could be determined. The standard deviation of the

point cloud to mesh errors was then calculated for each point cloud and recorded

as a measure of the accuracy of the reconstruction.

As the manufacturing methods used to produce the artefacts in Figure 6.9 have

tolerances significantly larger than the measurement uncertainty of the photogram-

metry system, it is also useful to make some qualitative comparisons between
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reconstructions. The laser speckle projection method will result in complex inter-

actions with both the surface texture and geometry of the samples that will not

necessarily be reflected in the deviation from the CAD data. As a result, compar-

isons such as increases in surface area covered, distortions in geometry, differences

in texture and general appearance were evaluated.

6.2.3 Results for laser speckle for additive manufactured parts

Qualitative analysis

For a qualitative analysis of the effect of the laser speckle projection system, the

coverage area and visual quality of the reconstructions were compared. In turn, the

coverage and apparent quality of each reconstruction was a significant indicator as

to the ease at which it could be registered to the CAD data. A visual analysis of

each artefact and material has also been useful in determining the effect of laser

speckle on a variety of geometries and textures.

As can be seen in figure 6.10 (a), the laser speckle projection system was

particularly effective for nylon-12 artefacts, compared to the image without speckle

(Figure 6.10 (b)). The shift in the deviation values shown in figure 6.10 (a) is a

result of the lack of measured points on the vertical side faces of the artefact. The

lack of data on the vertical faces of the part results in a shift in the data points

during the process of registration to the CAD data. Although relatively rough,

nylon-12 additively manufactured parts exhibit very little observable texture due to

the translucence of the material and lack of colour variation. This lack of observable

texture on the nylon-12 samples effectively manifests as substantial reduction in

the number of detected image features. As a high number of images features are

required in order to provide an accurate estimation of the fundamental matrix, a

reduced number of detected features negatively effects the self-calibration process.
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The comparison shown in figure 6.10 demonstrates that the addition of high signal-

to-noise ratio laser speckle features improves the quality of the resultant point

cloud. However, the rise in signal-to-noise ratio results in either data drop-out

or increased noise in areas that are occluded from the speckle projection, such

as side walls. Despite the loss of some data points, the laser speckle projection

method produced a consistently better coverage of the nylon artefacts compared to

the image without laser speckle demonstrated by the reduction in the deviations

from CAD. A detailed analysis of the deviation from CAD will be discussed in the

following section.

Fig. 6.10 Deviation of point cloud in millimetres from the CAD information for the
sphere artefact with speckle (a) and without (b).

Although the ABS plastic extrusion manufactured artefacts provided substan-

tially more observable surface texture than the nylon-12 versions, they still do

not show as much much observable texture as the Titanium samples. Figure 6.11

shows the resultant point clouds for the ABS plastic recessed artefact with and

without speckle, as well as each point’s deviation from the original CAD data.

Although the laser speckle measurement shown in figure 6.11(b) has a substantially
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decreased level of error, there is evident loss of small scale features compared to

the measurement without speckle. This loss of small-scale features is most likely

a result of the feature density of the projected laser speckle acting as a filter for

high-frequency features. This is demonstrated by the loss of the visibility of the

track geometry of the top layer on the print, shown in Figure 6.11.

Fig. 6.11 Deviation of point cloud in millimetres from the CAD information for the
ABS plastic recess artefact with speckle (a) and without (b).

Unlike the Nylon-12 and ABS plastic artefacts, the Ti-6Al-4V artefacts had

very little to no difference in the coverage and quality of reconstruction with or

without the application of speckle. As can be seen in figure 6.12, there is very

little or no observable difference in the point clouds produced for the pyramid

artefact. This lack of visual differences between measurements is due to the highly

textured surface that is observable on the surface of parts additively manufactured

in Ti-6Al-4V. It is still possible that the high spatial frequency filtering effect of the

laser speckle pattern is having some influence on the reconstructed point cloud.

However, due to the random nature of the small scale features on the Ti-6Al-4V
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artefacts, the spatial frequency filtering effect is masked. While in truth there would

be a filtering effect on the surface of the titanium parts, it is visually indiscernible.

Fig. 6.12 Deviation of point cloud in millimetres from the CAD information for the
Ti-6Al-4V pyramid artefact with speckle (a) and without (b).

A similar analysis can be carried out on the reconstructed images of the nylon

pillar artefacts with and without speckle, shown in figure 6.13. From this qualitative

analysis we can summarise that Figures 6.10 to 6.12 demonstrate some of the key

behaviours of laser speckle projection based photogrammetry through the quality

of reconstruction for a variety of geometries. All the measurements demonstrated a

visual improvement in the measurement quality in the case of flat surfaces, with

the main issues arising with surfaces that were not perpendicular to the laser

speckle projection pattern. Given that vertical surfaces were not visually improved

by the addition of speckle, it would suggest that occlusion of the laser speckle is

the limiting factor for the measurement of vertical surfaces. In principle, a more

effectively placed laser speckle projector should greatly reduce this issue.
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Fig. 6.13 Deviation of point cloud in millimetres from the CAD information for the
Ti-6Al-4V pillar artefact with speckle (a) and without (b).

Quantitative analysis

The data produced by comparing the photogrammetry point cloud data and the

original CAD design can be seen in table 6.1. As described in section 6.2.2, all point

clouds were approximately aligned with the CAD data manually, and then finely

registered automatically using a least-squares minimisation method. On average,

the addition of laser speckle resulted in a 101 µm decrease in reconstruction error

for the nylon artefacts, an 86 µm decrease for the ABS plastic artefacts and a 3 µm

increase for the Ti-6Al-4V artefacts.
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The data in table 6.1 demonstrates a general trend of reduced reconstruction

errors with the application of a laser speckle pattern with the nylon and ABS plastic

artefacts. However, the Ti-6Al-4V artefacts displayed no significant difference in

measurement error with or without laser speckle projection. Similarly, as table

6.2 shows, the titanium artefacts do not exhibit a significant difference in the total

number of reconstructed points. However, the nylon and ABS plastic artefacts do

not show an increase in measured data points, as would be expected. This is likely

a result of the limited coverage of the laser speckle projection, as well as reduced

contrast in region that the speckle does not cover. As such, the laser speckle in fact

shows a reduction in points, but an increase in the accuracy of those points.

6.2.4 Conclusion of laser speckle for additive manufactured parts

From the qualitative and quantitative analysis, it can be concluded that the addition

of laser speckle can significantly improve the quality and accuracy of a photogram-

metric measurement. The improvement in photogrammetry data is most notable

for objects that exhibit very little surface texture, with no significant effects in highly

textured materials. This effect has been particularly evident on artefacts manufac-

tured in Nylon-12 and ABS plastic due to their relatively low texture surfaces. In the

case of the Nylon artefacts, a reduction in the point cloud standard deviation from

the CAD data was as on average 101 µm or 40 % lower. Work on improvement of

the laser speckle system positioning and control will be carried out in the future in

order to further enhance the efficiency of the system. Furthermore, the qualitative

analysis of the reconstructions has shown that the effect of the laser speckle on

measurements is complex and dependant on surface texture and the geometry of

the object. With the ABS plastic artefacts, the laser speckle appears to filter out

the high spatial frequencies associated with the extrusion tracks that are clearly
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visible when only ambient lighting is used. Conversely, with the Ti-6Al-4V artefacts,

no obvious signs of filtering of high spatial frequencies is observed. Whether or

not this disparity is a result of the lack of structure making the effect unclear, or

differences in surface texture and material instead. In the future, more detailed

theoretical and experimental work will be carried out to fully characterise the ef-

fects of geometry, material and surface texture on photogrammetric measurements.

Additionally, a more effective method of evaluating the coverage of the artefacts

will be investigated. Specifically, coverage in terms of surface area, rather than the

total number of points that are captured.

6.3 Photogrammetry and light-field fusion

6.3.1 Introduction to photogrammetry and light-field fusion

A traditional camera system [71] can give a fast image of an object; moreover, a

camera takes 2D images of a 3D object, and this transfer induces some loss of

information. This loss of information is due to the inability of a camera to capture

phase and depth information. Starting from this consideration, Adelson and Bergen

[1] derived a new function, called the plenoptic function, able to describe all aspects

of an image: motion, colour, amplitude, depth and orientation. They developed the

5D plenoptic function; where 3D are the spatial coordinates of a point which a ray

from the object passes through and 2D are the angular coordinates indicating the

direction of the ray. In this model, known as light-field imaging, the focus is not on

the object, with its geometry and surface, but on the light rays; and by measuring

the intensity of the ray, it is possible to get information about the 3D object. Later,

Levoy and Hanrahan [63] defined the light-field as the radiance at a point in a given
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direction, and because it remains constant as the ray propagates, they reduced the

dimensionality of the plenoptic function from 5D to 4D.

In 2005, Ng [82] introduced the first portable plenoptic camera to sample light-

fields. Lytro’s camera is currently one of most popular, commercially available

devices for light-field photography. Light-field cameras are able to capture 4D light

fields, but do not record images at the same resolution as the image sensor. Each

pixel is used to record a light ray, and multiple light rays are required to form a

pixel that is produced by a traditional camera, as is discussed in chapter 2. This

causes the final image recorded with a light-field camera to have a lower resolution

than a traditional camera with the same image sensor. To overcome this limitation,

different methods and techniques have been proposed [42, 123, 117, 113]. These

include new designs for the light-field camera, such as hybrid imaging systems,

attenuation masks or focused plenoptic cameras [91]. Also, various ray-or wave-

optics models and computational algorithms have been employed to reconstruct

high-resolution images [81, 110].

Despite different models, in order to use a camera as a metrology tool, it is

necessary to express the obtained images in real-world coordinates; to achieve this,

it is necessary to know the appropriate rigid transformations required to transform

pixel measures into metric values, and the intrinsic parameters of the camera. The

knowledge of these factors will influence the accuracy of the measurements. Differ-

ent methods have been proposed for calibration of a plenoptic camera [21, 124, 11],

however, they are sensitive to the position of the camera and can be time consuming.

In this work, we implement a light-field camera within a photogrammetry system

in order to capture additional depth information, as well as the photogrammetric

point cloud. Through the fusion of the light-field and photogrammetric data, we

show that it is possible to improve the measurement uncertainty compared to that
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from the individual systems. In this work, different additive manufactured test

artefacts were measured at different focal lengths. Point clouds were produced

and depth-maps from photogrammetric data were compared to the Lytro depth

map information, and triangulation of corresponding features between images.

Using both measurements, fusion of the high density photogrammetric point cloud

and light-field scale information was used to produce enhanced accuracy form

measurement.

6.3.2 Methodology for photogrammetry and light-field fusion

Photogrammetry system

The photogrammetry system consists of a rotating stage with a camera mount that

allows images to be taken at a predefined camera elevation through the required

range of rotation (see [101] for details). The imaging system consists of a Lytro

Illum light-field camera with a 40 mega-light-ray resolution. Mega-light-rays refers

to the total number of individual light rays than can be detected and corresponds

to a final image size of 2022×1404 pixels (2.8 MP). The rotating platform, where the

samples were placed, was covered with a sheet of random texture. The additional

texture provided correspondences for both the photogrammetric reconstruction

and light-field depth map calculation, ensuring depth map data for the entirety of

the field of view.

Experimental procedure

The first aim of this work was to show that, given a particular set of light-field

camera parameters, there will be a repeatable relationship between the light-field

depth map and the depth map calculated from the photogrammetric reconstruction.

In order to determine if there is a repeatable relationship, four different additively
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manufactured artefacts were imaged from six different camera positions with

varying focal lengths. Based on the original CAD data, each point cloud and set of

camera parameters could be scaled in order to have the correct scale information.

Thirty images were captured through 360
◦ for each artefact and for each position,

after which the photogrammetric reconstruction for each was produced using

commercial software [2]. Given all the photogrammetric reconstructions and light-

field images, two depth map images can be produced for each view: the light-field

based depth map and the photogrammetry point cloud depth map. Given the

two depth maps for each image, comparisons can be made in order to determine

if, with the same camera parameters, there is a repeatable relationship between

the two depth maps. A more detailed description of the comparison process will

be given in section 6.3.2. A repeatable relationship between both depth maps

allows the Lytro depth map to be calibrated according to scales determined by the

photogrammetric reconstruction. Subsequent scans would, therefore, be able to

extract metric information from the photogrammetric reconstruction that has been

scaled by the light-field depth map data. However, in order for this methodology to

be applied to a generic sample, it is necessary to determine a general relationship

between the camera parameters and the depth map. As focal length is the only user-

defined factor that will affect the camera’s intrinsic parameters, the least-squares

gradient between depth maps was taken for a set of ten reconstructions with focal

lengths varying between 30 mm and 50 mm.

Photogrammetric depth map

The commercial photogrammetry software produces both a point cloud for the

sample and calibrated camera parameters for each individual reconstruction. The

calibrated camera parameters are based on the pin-hole camera model and give a
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camera projection matrix in the form

P = K
[

R T

]
(6.2)

where K is the intrinsic camera matrix, R is the camera rotation matrix and T is

the camera translation matrix. The later part of equation 6.2, [R T] transforms the

world coordinate system into the camera reference frame. The distance from the

camera projection centre to an individual point D can be calculated according to

D =
√

X′2 + Y′2 + Z′2 (6.3)

and 
X′

Y′

Z′

 =

[
R T

]


X

Y

Z

1


(6.4)

where [X Y Z 1]T is the homogeneous world coordinate and [X′ Y′ Z′]T is the

coordinate in the camera reference frame. For all points in the point cloud, the

image coordinates (u,v) can be calculated from equation 6.2 and the corresponding

depth calculated from equation 6.3. However, before the photogrammetric depth

map can be calculated, an appropriate scale must be applied in order to ensure

the depths represent real dimensions. The scaling is achieved by first aligning the

initial point cloud with the original CAD data by using an open-source software

[43], then the transformation scale from the original data to the CAD can be applied

to both the point cloud coordinates [X Y Z 1] and the camera translation matrix T.

After the pixel coordinates and depths have been calculated for each camera,

the points are binned into the closest pixel and the corresponding depth map image
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Imdepth,Photo(u,v) can be calculated. Issues in calculating the depth map can occur

when considering pixel projections that pass through multiple surfaces on the

sample to be measured. As can be seen in figure 6.14, some pixel projections may

result in intersections with coordinates on the rear side of the sample, leading to a

false depth. In order to avoid this issue, only flat sections have been selected from

the point cloud; specifically, the flat background is selected in order to provide a

consistent flat in all reconstructions.

Fig. 6.14 Pixel projections through the artefact point cloud results in intersections
with the rear face giving incorrect depths.

Comparison procedure

The Lytro software allows the user to produce a depth map image from any light-

field image in the format of a 16-bit image and a minimum and a maximum lambda

value; the image values are related to the difference in focus between the optical

focal plane of the main lens at the time of capture and the virtual focal plane of the

refocused image [72]. In order to correctly scale all light-field images, the 16-bit

values must be altered according to

Imdepth,Lytro,scaled(u,v) = (Imdepth,Lytro(u,v)/216)× (λmax − λmin) (6.5)
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where Imdepth,Lytro,scaled(u,v) is the scaled Lytro depth map image at pixel coordi-

nates (u,v) and Imdepth,Lytro(u,v) is the unscaled Lytro depth map, and λmax and

λmin are the maximum and minimum lambda values, respectively. In this case,

lambda refers to the pixel disparity value in the Lytro depth map.

With the corresponding depth maps Imdepth,Lytro,scaled and Imdepth,Photo it is then

possible to compare the depth value at corresponding pixel coordinates. As can

be seen in figure 6.15, there is an approximately linear relationship between the

Lytro and photogrammetry depth map values. Variations in the graph shown in

figure 6.15 are a result of errors in both the photogrammetry and lytro depth maps,

particularly at the lambda is equal to zero point, in which the disparity in the

light field images is minimised. A linear least-squares algorithm was used to fit

the depth map data, and the gradient term is then used for comparison among

different measurements.

6.3.3 Results for photogrammetry and light-field fusion

Depth analysis

The same Titanium artefacts described in section 4.3 were used in this work due to

their high level of observable surface texture. Each artefact was imaged thirty times

through 360
◦ in order to capture the entire object from six different camera positions.

Thirty images were captured in order to ensure a successful reconstruction without

requiring long reconstruction times and six camera locations were used in order to

ensure the behaviour is consistent for a range of depths. For each set of images,

the process outlined in section 6.3.2 was performed on each image and the average

gradient from the linear fits was calculated. The average gradients for each artefact

in different camera positions are su mmarised in table 6.3.



6.3 Photogrammetry and light-field fusion 155

Fig. 6.15 Graph of the relationship between depth maps calculated from the light-
field image and photogrammetry data. A linear least-squares fit was chosen to fit
to the data.

Table 6.3 Gradient data for all four artefacts at six different positions. The standard
deviation for each set has also been taken.

Artefact Gradient/ mmλ−1

Set 1 Set 2 Set 3 Set 4 Set 5 Set 6

Pillars 3.8357 3.6521 5.0192 7.7975 5.9465 5.1287

Pyramid 3.9422 3.5772 5.0437 7.7361 5.9335 5.2545

Recess 3.9641 3.6645 5.0728 7.7887 6.0401 5.1974

Sphere 3.9327 3.6616 5.0378 7.7872 5.9790 5.2184

Standard deviation 57 41 22 28 48 53

/µmλ−1
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As can be seen in table 6.3, there is a consistent gradient between reconstructions

made from the same camera positions with variations on the order of 1 % to 2 %.

As described in section 6.3.2, the gradient values were analysed as a function of the

chosen camera focal length in order to determine whether there is some predictable

behaviour between the two variables. Eleven focal lengths between 30 mm and 50

mm were chosen and twenty images through 360
◦ were taken and the mean linear

gradient calculated for each set. As can be seen in figure 6.16, the calibrated focal

lengths were then plotted against the mean gradient and a first order polynomial fit

applied to determine the behaviour of the depth map gradients with focal lengths.

Fig. 6.16 Graph of the gradient of the Lytro to photogrammetric depth maps as a
function of the camera focal length. The first order polynomial has also been fit to
the data to show the relation between the two values.
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Figure 6.16 shows that there is a clear relationship between the camera focal

length and the depth map gradient, allowing the prediction of the reconstruction

scale given a known focal length.

Measurement analysis

The artefact point clouds were also compared to the CAD data in order to provide a

comparison with the measurement uncertainties taken with a conventional camera.

In previous work, point cloud standard deviations from the CAD data were 149 µm,

158 µm, 190 µm and 160 µm for the Pyramid, Recess, Sphere and Pillars artefacts,

respectively. The mean standard deviations for each measurement described in

table 6.3 were 155 µm, 126 µm, 154 µm and 173 µm for the Pyramid, Recess,

Sphere and Pillars artefacts, respectively. The difference in standard deviations

from the standard camera and light-field camera set-up are comparable, with some

improvement with the Recess and Sphere artefacts. However, considering the

image resolution achieved by the light-field camera is almost an order of magnitude

smaller, these results demonstrate the significant improvement in measurement

quality that can be achieved with light-field technology.

6.3.4 Conclusion of photogrammetry and light-field fusion

In this section, photogrammetric data has been combined with light-field camera

data in order to improve measurement uncertainty. Four additive manufactured

parts with different geometric features has been measured with a Lytro Illum

camera at different focal lengths. By using a rotating stage, thirty images were

captured through 360
◦ for each artefact for each position and the point clouds

were produced from photogrammetric data. At this point, the depth maps from

the photogrammetric data were plotted against the Lytro depth map information,
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Fig. 6.17 Point cloud deviations from the original data for the Pillar (a), Pyramid
(b), Recess (c) and Sphere (d) artefacts. The colour maps refer to the deviation from
the CAD for each part of the sample and units are in millimetres.

showing an approximately linear relationship. Moreover, the depth map gradient

was analysed with respect to the camera focal length; the data shows a clear

relationship, allowing prediction of the reconstruction scale given the focal length.

In conclusion, the comparison of the artefact point clouds with the CAD data

showed a clear improvement in the measurement quality achieved with light-field

technology.



Chapter 7

Conclusion and future work

7.1 Conclusions

The main focus of this work was to develop techniques to further advance the

application of photogrammetry to coordinate metrology. This includes methods

to better understand the propagation of of uncertainty through photogrammetry

measurements, application of traceable scaling to reconstructions and methods

for applying existing verification standards to photogrammetry systems. Several

photogrammetry systems were developed, as well as several methods for the

uncertainty evaluation and application of verification tests to the developed systems

were proposed. Additionally, several case studies were applied using the developed

systems and techniques, such as the fusion of photogrammetry data with other

measurement technologies and the application of a novel laser speckle texture

projection system in order to produce material agnostic measurements.

In chapter 3, a methodology for the evaluation of the three dimensional coordi-

nate measurement uncertainty was described, as well as a method for the traceable

calibration of the stereo systems scale factor. Additionally, the propagation of

systematic errors in the stereo systems parameters through the measurement pro-
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cedure was also investigated and experimentally verified during the scale factor

calibration process, shown in section 3.3.1. The outcome of chapter 3 was a better

understanding of the contributions of each parameter uncertainty to the expanded

uncertainty on the three dimensional point measurement. This understanding

of the contributions to the expanded uncertainty has allowed the key areas of

improvement in the calibration and design of the stereo photogrammetry system to

be highlighted for future work. The gauge block measurement process in section

3.3.3 also demonstrated a method for the calibration of the scale factor of the

stereo system using a widely available and traceable, calibrated artefact. Finally,

chapter 3 also provided an indication of the effect of systematic errors in the stereo

parameters on the measurement volume and experimentally verified this effect

through the comparison of the system with a laser interferometer, shown in section

3.3.2.

Through the use of laser speckle texture projection, chapter 4 demonstrates a

novel methodology for the application of existing verification standards to con-

ventional photogrammetry systems. The laser speckle texture projection system

allowed conventional photogrammetry systems to measure smooth objects that do

not exhibit any visible surface texture required for correspondences to be found,

shown through the measurements in section 4.5. The laser speckle provided an

artificial surface texture that allowed verification artefacts to be measured according

to the verification standards and demonstrating the capacity of micro-scale pho-

togrammetry systems to achieve form measurement uncertainties on the order of

10 µm.

For the stereo photogrammetry system developed in chapter 3, the verification

procedure described in chapter 4 could not be applied due to the limitation of the

camera optics and sensor. As a result, chapter 5 outlines an alternative verification
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methodology based on the use of fringe projection principles in order to provide

correspondence between the cameras in the stereo-camera pair. Additionally,

by applying the VDI/VDE 2634 part 2 standards to the stereo photogrammetry

system, further agreement with the three dimensional point measurement standard

deviation predicted in chapter 3 was also provided. The final outcome of chapter 5

was the potential for a novel calibration procedure based on the structured errors,

shown in section 5.3, on the measurement of large flats due to the non-linearities

between the cameras and projector coupled with the imperfect calibration of the

stereo system. The presence of structured errors in the reconstruction provides

an ideal metric for the quality of the calibration, hence providing a more sensitive

methodology compared to the calibration method used in the chapter.

Finally, in chapter 6 a range of novel applications of photogrammetry methods

are presented. Firstly, a portable photogrammetry system was designed and

developed for the measurement of dental fossil samples for a very large range

of measurement volumes. The portable photogrammetry system is still in use in

dental anthropology research based in the University of Arkansas. A method of

fusing photogrammetry and CSI measurements was also presented in which the

higher spatial frequencies captured in the colour information of photogrammetry

measurements was utilised to find correspondence with CSI measurements. SIFT

features and ICP algorithms were then utilised in order to accurately register

the photogrammetry and CSI data, creating a fused data set with a vastly larger

bandwidth than either individual measurement technology. The application of the

laser speckle texture projection system described in chapter 4 was also investigated

for its effect on the measurement of the same geometries with vastly different

material properties. Through the measurement of a variety of materials with and

without laser speckle, it was shown that the application of laser speckle allows
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measurements of form without the influence of the material of the part. This

allows the photogrammetry system to be much more robust to variations in surface

properties, compared to other optical form measurement systems. The last section

of chapter 6 demonstrates a methodology that allowed the automatic scaling of

photogrammetry measurements through the fusion of photogrammetry and light-

field camera data. The fusion of the light-field and photogrammetry data allows a

scale factor to be applied to the reconstruction based on the intrinsic properties of

the camera. This method was relatively low accuracy, but provided a highly robust

method of scaling reconstructions that did not require any calibrated artefacts or

extrinsic properties.

7.2 Future work

The Monte Carlo simulations developed in chapter 3 were applied to a single stereo

pair of cameras. By extending this computational model in order to account for

many cameras, the uncertainty of more complex photogrammetry systems could be

evaluated. This ability to computationally model high complexity photogrammetry

measurements would provide a better understanding of more complex interactions

in multi-view photogrammetry automatically, removing the need for trial and error.

For instance, the influence of the number of images used and the relative location of

those images can be investigated for arbitrary measurements or specific geometries.

This information would allow future systems to reduce the number of images that

need to be captured whilst minimising the measurement uncertainty . Additionally,

chapter 3 evaluated the influence feature location uncertainty on the measurement

uncertainty. The next stage of development of the Monte Carlo simulation would

be to consider the true probability distribution of the feature locations. The feature

location uncertainty will be evaluated through a similar Monte Carlo based method,
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in which all contribution factors to the feature location are accurately modelled in

order to determine their contribution to the combined uncertainty. Not only would

a better understanding of the feature location uncertainty allow for an accurate

evaluation of the combined uncertainty for the coordinate measurements, it would

also further improve the ability to highlight particular contribution factors and

further reduce the measurement uncertainty of photogrammetry measurements.

The laser speckle texture projection system developed in chapter 4 was effective

for the measurement of smooth objects. By implementing multiple speckle projector

units within conventional single camera systems, or mounting the speckle projection

unit stationary with respect to a stereo-camera system, coverage issues due to

occlusions could be eliminated. By ensuring complete coverage of the part with

laser speckle, this would ensure that entire object could be captured regardless of the

contrast of the material texture. This would allow coordinate measurement systems

to be developed that produce the same measurement performance regardless of

material.

The method of using fringe projection techniques to provide correspondence

between stereo cameras in chapter 5 could potentially be applied as a hybrid

measurement system that combines the strengths of both photogrammetry and

fringe projection. As the projector properties do not need to be characterised, the

thermal and non-linear effects do not need to be accounted for, removing them as

potential sources of error. Additionally, the use of phase to encode correspondence

between images allows for a much more accurate localisation of corresponding

points. As discussed in chapter 5, by developing a calibration process in which

the low frequency errors seen in the measurement of a flat plane is minimised,

significant improvement in the characterisation of the stereo-camera properties can

be achieved. The integration of fringe projection and photogrammetry will allow
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for better characterisation of the camera properties, hence reducing the overall

measurement uncertainty, as suggested by chapter 3. Additionally, the reduced

reliance on the characterisation of the projector can potentially increase the possible

measurement accuracy of fringe projection.

The fusion of photogrammetry and CSI data based on feature matching between

data sets was effective for the case provided, however, further work is required for

a more robust methodology. By instead calibrating the coordinate system of the

photogrammetry system and CSI in the same frame of reference, CSI measurements

could be automatically located within photogrammetry measurements regardless

of common visible features. This common frame of reference could be established

through the use of targets easily visible by both systems, such as a checkerboard

typically used for camera calibration. Furthermore, the photogrammetry system

could track the location of the part to be measured within the CSI measurement

volume, removing the need for a high-accuracy motion system for the CSI. This

localisation of the part to be measured prior to CSI measurement then allows for a

series of other complex developments, such as automated measurement positioning,

collision avoidance and providing a priori information for the CSI measurement

process.
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