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ABSTRACT

RAHMA NAWAB. Augmented Reality with Digital Metrology for Assembly

(Under the Direction of DR. ANGELA DAVIES ALLEN)

This dissertation aims to create and demonstrate a fast and inexpensive quantitative dimensional
inspection system for industrial assembly line applications that can detect position errors of
assembled components on a scale of 1 mm and larger. The researched and developed data
acquisition and the computational pipeline is presented. Position error detection of 1 mm and
higher is demonstrated on a 40-mm high and 8mm radius post welded onto a 30 mm by 30 mm

steel plate.

Data acquisition is performed using an open-source photogrammetry architecture to gather
a 3D point cloud of the assembled part. The photogrammetry architecture involves a structure from
motion (SfM) pipeline to obtain a sparse point cloud, and a depth map merging method is used to
generate a dense point cloud.

The component's position on the assembly is calculated by comparing the point cloud with
the CAD model. A method using the iterative closest point (ICP) algorithm establishes a global
coordinate system for the data to align with the CAD model. Once the global coordinate system is
established and aligned, the position of individual parts is estimated relative to the reference. This
method was able to identify a 1-mm and larger position error of a post, as described above, welded
onto a steel place.

A partial uncertainty evaluation shows that the position error can be estimated with
uncertainty no better than several fractions of a millimeter. Uncertainty contributions can be

divided up into three groups: 1) random noise and possible bias in the acquired point cloud data,
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i1) the actual shape of the component compared to the ideal (CAD model) component shape, and

ii1) data processing choices. The investigations into these aspects showed that, with enough points
in the reference, a down-sampled measured data set, and a low ICP threshold, the limiting factors
in the uncertainty come from spatial bias due to 3D reconstruction and object surface roughness.
Point-wise random noise in the measured 3D point cloud was also investigated with commercial
software (PolyWorks) and open-source algorithms and found to contribute negligibly to the
combined uncertainty compared to the uncertainty caused by the object shape and surface texture.
These effects require more work to estimate a comprehensive combined uncertainty.

The pipeline was made user-friendly by creating an augmented reality (AR) application.
This application detected the component of interest in a live video feed and overlayed the position

error information. Object detection was done by creating guide views of the CAD model.
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CHAPTER 1 INTRODUCTION

1-1 MOTIVATION AND GOALS

This dissertation was motivated by conversations with industrial affiliates who wanted to
develop a prototype model for industrial quality inspection in assembly. The proposed goal is a
cost-effective, accessible, and user-friendly solution to millimeter-scale positioning errors in the
assembly stage of a manufacturing process. Examples of desired measurements include the
position of a boss or bolt on cars and aircraft manifolds during assembly. Industrial environments
vary greatly in location, size, and facilities available; owing to this, a large majority of applications
would be an assembly of large structures, which are difficult to inspect in a traditional metrology
lab.

It is proposed that the measurement be photogrammetry based, using smartphones or
tablets for the data acquisition of images for the measurement. These devices acquire high-quality
images in varying industrial environments, are economical, and are available in most locations.
After 3D point cloud reconstruction of the part through photogrammetry, the computer-aided
design (CAD) models of the part under assembly would then be used to compare positioning errors
of components. The final step of the pipeline would focus on a user-friendly interface to automate
the inspection process and deliver the measurement result using augmented reality (AR).

The goal of this dissertation is to advance the literature in these three areas specific to the
needs of this application and combine the steps into one cohesive pipeline that performs fast and
economic quantitative position information for industrial assembly line applications. To realize
this goal, we designed, manufactured, and evaluated an experimental artifact to test the pipeline.

This dissertation explains the research and development activities for each pipeline step, divided
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into chapters. The chapters explain the approach, design, and evaluation for each part of the

project.

While creating this quality inspection pipeline, many challenges were addressed—the
project involved linking together different independent pieces; each requiring significant research
and development. The first task was to create a photogrammetry architecture using open-source
libraries in C++ and python. The main challenge here involved testing different image processing
and reconstruction algorithms to optimize the 3-D point cloud acquisition for this metrology goal.
The second part involved point cloud registration and CAD model comparison to estimate a
measurand that is the position error in the assembly. We tested several algorithms and platforms,
both custom code and commercial software, to find our application's most reliable and efficient
method. This dissertation also explores the impact of several processing parameter choices on the
measurement uncertainty and the effects of point-wise random noise on the final position-error
measurand.

A literature review shows that a cohesive package, as proposed here, does not exist in the
industrial assembly domain that measures and utilizes this quantitative data to display information
in the augmented reality platform for quality inspection during assembly. The primary goal of this
dissertation is to bridge the gap between metrology and user experience with a prototype model
that performs large-scale close-range dimensional metrology in the manufacturing assembly

industry with an augmented reality interface.



1-2 LITERATURE SURVEY

This literature survey encompasses the challenges faced by the quality inspection industry. Data
acquisition is the first significant component of the pipeline, and we explore the different avenues
available, their pros and cons for our application, and the data quality. Dimensional measurements
in an assembly are split into contact-based and optical-based methods. Our focus during this
literature review is on the latter. The survey also touches on the importance of augmented reality
within the quality inspection industry, aiding the user through a fast phone/tablet and AR-based

inspection process.

1-2-1 QUALITY INSPECTION IN INDUSTRY - CHALLENGES

Quality inspection in manufacturing characterizes how well a product's characteristics agree with
its intended design. The process requires measuring, assessing, and testing the part. Quality
inspection is a crucial step in manufacturing as it eliminates the distribution of faulty parts, saves
overhead costs, and identifies faults in the manufacturing process.

Quality inspection constitutes a significant fraction of industrial manufacturing activities.
In the '80s, as estimated by Miller [34], inspection-related tasks utilized 10 percent of the
workforce; for more dangerous applications like aircraft manufacturing, quality control accounts
for around 60 percent of the total manufacturing cost [34].

In many sectors, inspection traditionally relies on human vision for the assembly stage of
manufacturing, where the part is qualitatively compared with a sketch or a CAD model and then
approved or discarded. According to a recent study, human errors accounted for 23% of the

measurements being done incorrectly while performing visual quality inspection [1].
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It has been shown that a device or measurement system operator always influences the

manufacturing process while performing measurement and characterization [37]. Specifically,
when the setup of user A differs from user B, measurements will vary because of operator error.
These errors can be reduced by defining and following a standard ‘good practice’, such as
verification procedures described by ISO 10360 standards [37]; however, measurement
uncertainty will still be limited by the skill of the instrument handler. This calls for an automated
and machine-reliant instrument to perform the task. Independent measurements and analysis are
thus required to optimize the inspection process without reliance on an experienced operator [37].

In recent decades, manufacturing industries have seen a digital transformation within a
particular task and as part of a more extensive pipeline [34]. In the age of knowledge sharing,
digital technology has made it possible to link systems throughout the production process [34].
Technological advances have invented more complex and efficient systems to perform quality
inspection. The inspection process for assembly applications can thus be divided into three main
components:

1. data acquisition or measurement of the object in question,

2. analysis and evaluation of the data to pass quality check, and

3. reporting the findings to the user.

Ideally, acquiring the dimensional data of the object of interest on the industry floor must
be fast and economical. This need inevitably compromises uncertainty, time, and equipment cost.
Analysis and measurement evaluation is usually done by comparison with a reference, and the

findings are typically displayed to the user in a table format.



1-2-2 DATA ACQUISITION TECHNIQUES

While automating the inspection process, the first step is often the dimensional measurement of
the object under evaluation. The measurements can be divided into two categories: contact and
non-contact. The former generally uses a stylus in a coordinate measuring machine, and the latter
typically acquires this dimensional information with light-based techniques such as laser scanners,
photogrammetry, structured light, and laser triangulation [2].

Coordinate measuring machines offer high accuracy and flexibility in metrology, making
them a popular choice in the manufacturing industry [32]. The contact CMM, though very
accurate and extensively used in industry, has limitations for monitoring parts in the assembly
stage. In addition to the expense, the contact force may damage the surface, as can happen with
polymer parts. Furthermore, these machines are also slow because of the serial nature of the
measurements [6]. Many applications do not call for CMM-level measurement uncertainty,
meaning the assembly tolerances are often relaxed compared to individual component
dimensional tolerances. We aim to develop a fast and inexpensive dimensional measurement
method for assembly applications with millimeter-scale positioning tolerances and submillimeter

measurement uncertainties.

1-2-2-1 NON-CONTACT MEASUREMENTS OVERVIEW

For many manufacturing processes, the productivity rate is limited by the measurement process at
the final assembly quality inspection step. Thus, productivity is improved by reducing the time
investment in the assembly evaluation step. Optical instruments tend to be image-based which
means data-acquisition involves detector arrays and parallel data acquisition, thus measurement

times are faster than serial contact-based instruments like the CMM. Optical inspection also
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eliminates the risk of contact-related damage. Optical techniques collect high-density data and can

offer more flexibility in measuring complex features and shapes [33].

In recent years, with the advent of fast computing powers and devices, metrology in the
manufacturing industry can now be used as an in-line inspection step while performing quality
control. Conventionally used as a final step in product manufacturing, advances in industry have
now enabled supervising and diagnostic data to be available in real-time throughout the process to
facilitate quality inspection and data analysis [35, 36]. Conventional probe-based coordinate
measurement techniques are relatively slow for a small number of data points, making contact
measurement instruments an impractical solution for integrated metrology in quality inspection
[43].

Optical measurement technologies are easier to apply to integrated quality inspection
processes in manufacturing, as they are non-contact and acquire high-density data at a higher rate.
It is common for manufacturing industries to have several inter-connected devices that collect and
share data in real-time, making non-contact metrology processes an ideal measurement system as
they offer automated and quick verification solutions. In conjunction with image processing
techniques, vision systems are being utilized to store quality information inside the production
environment. Similarly, inspection instruments for measuring geometrical and coordinate features
in aerospace and automotive inspections utilize optical technologies, particularly laser-based
devices [37].

A thorough review of optical measurement techniques in industrial environments [59]
explored different techniques, such as laser scanners, photogrammetry, structured light, and laser

triangulation. A comparative review of the study is presented in Table 1 [2].



Table 1: Comparison of optical techniques [2].

Accuracy | Range Weight Safety Processing Environmental
Time Influences
Photogrammetry 4 4 v v x x
(50 pm) (Image (brightness)
Processing)
Projected Texture 4 x v v x x
Stereo Vision (0.1 mm) (0.25-3 m) (Image (brightness)
processing)
Time of Flight x x v v v v
(10 mm) (0.8-8m)
Structured White 4 4 x v x x
Light (0.127 (projector) (Remain (Light,
mm) static) brightness)
Structured Blue 4 x v v x v
LED Light (34 pm) (157 - 480 (Remain
mm) static)
Light Coding x x v v v X
(10 mm) (1-3m) (sun)
Laser Triangulation v 4 v x v x
(Laser (brightness)
power)

Photogrammetry is a machine vision-based technique that uses triangulation to obtain 3D
point clouds from 2-D images. The images taken at different vantage points are used to obtain 3D
data based on the shifts in image features. The main applications of photogrammetry include 6
degrees of freedom measurements, such as object tracking and robot navigation systems. As shown
in Table 1, the error in photogrammetry measurements can be as low as 50 microns using a Nikon
D3 camera, coded targets, and following other best practices [127]. This technique requires
cameras, so it does not have weight or safety issues; however, it is prone to changes in
measurements due to lighting conditions. Furthermore, the data processing step takes time.

Time of flight measurement utilizes light pulses, which are directed at the object to be
measured. A sensor captures the reflected light, and the distance between the sensor and object is
calculated by measuring time delay. The width of the light pulse is used to determine the
measurement range. Swissranger 4K offers a measurement range from 0.8 m to 8 m [128] and low

measurement accuracy.
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Structured light measurements use a projector to project structured patterns onto the object

to be measured; the distorted pattern due to the object geometry is then captured. Once the system
is calibrated, the 3D coordinates of the point cloud can be reconstructed. Among these, blue LED
structured techniques offer low measurement uncertainty, with sensors such as HDI 109 from LMI
technologies able to measure within a reported uncertainty of 34 um [2]. The downfall of blue
LED measurement techniques is the short working distance and equipment expense used to project
the structured light.

In laser triangulation measurements, the angle of the camera and the distance between a
camera and laser emitter is used to locate the location of the laser dot on the object and hence the
object's 3D coordinates. Laser techniques are often used for scanning, are expensive, and come
with safety considerations. The geometric information acquired using laser scanners is accurate
with low measurement uncertainty but costly because of expensive scanning equipment and the
need for skilled operators [3]. In addition, time and money are needed for data analysis and
processing using specialized software.

Structured light techniques are less expensive but have challenges. Projected light visibility
can be a problem under certain ambient light conditions. Surface colors must be considered and

can directly impact the projected light pattern visibility.

1-2-2-2 NON-CONTACT MEASUREMENTS BASED ON MACHINE VISION

Among optical measurement techniques, camera-based approaches have emerged as a promising
alternative to standard contact sensors as they offer significant advantages such as low cost, ease
of setup, and ease of operation. A single video or a few images are enough to calculate dimensional

information, offering industrial environmental flexibility [K]. Physical connections to the product
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and power supplies are not needed for a camera, thus also offering remote location advantages at

a low cost with time savings.

Compared to laser measurement devices, which need to be placed reasonably close to the
target for laser power or safety concerns, vision-based sensors can be placed a few meters away
and still achieve reasonable measurement uncertainty for many applications. Furthermore, the data
captured is a parallel acquisition of multiple points compared to the point-wise measurement of
conventional serial sensors [42].

Computer vision devices, particularly photogrammetry, use triangulation-based algorithms for 3-
D reconstruction. They utilize bundle adjustment to calculate the points in 3-D space and the
camera parameters by minimizing the reprojection errors in the image planes. This minimization
problem is carried out with linear algebra and is very efficient [40]. Some of the drawbacks, such
as occlusions and exposure time, can be overcome with additional light sources to reduce shadows,
make geometric features more accessible, and decrease the exposure time [40, 38].

Similarly, much work has been done by utilizing feature information to estimate missing data.
Recent work by Sjodahl [39] describes a close-range photogrammetry-based device for in-process
inspection of metal sheets. The CAD model of the part is used to detect the target's geometrical
features and used to facilitate the reconstruction process, making real-time measurements on the

conveyer belt possible at a frequency of 0.5 Hz.

1-2-3 ERROR VISUALISATION THROUGH AUGMENTED REALITY

Assembly quality inspection commonly involves commercial CAD systems, where 3-D CAD
models of the components to be assembled are displayed on a screen next to the assembly line to

allow for visual identification of errors. The use of CAD software presents limitations, as the user
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is not alerted about the defect or positional error automatically and needs to look at a color map or

measurement data, which can prove to be cumbersome. Augmented reality (AR) can overcome
this limitation and unlike virtual reality (VR), AR does not require the entire real world to be
modeled, eliminating the high cost of creating an immersive virtual reality environment [11].

Most current AR applications in the industry focus on manual assembly processes, where
AR is used to overlay instructions to the user onto the assembly scene. Qualitative quality
inspection, training activities, and machining setups are other application examples where AR
assists the user in visualizing and detecting defects more efficiently [12].

Developing these AR applications can be hardware and software intensive, and a variety
of hardware devices are available. Head-mounted display (HMD) devices are the most popular,
accounting for 40 % of all visualization devices in industrial AR applications [12]. Wearing these
can, however, be uncomfortable and cause dizziness. Handheld devices and smartphones provide
a good alternative because they are cost-effective and easily accessible. Fraunhofer IGD [13] and
FARO Visual Inspect [14] have developed commercial devices that offer quality inspection for
industries similar to what is described here. The inspection in these systems is qualitative, however,

and does not report quantitative errors with uncertainty which is the goal of this project.

1-3 NOVEL PIPELINE PRESENTED IN THIS DISSERTATION

The pipeline in this dissertation provides a system to perform fast and inexpensive
quantitative quality inspection in an industrial assembly line using dimensional metrology.
Dimensional metrology is the science of geometrical measurement, and our focus is on the 1-mm
and larger position errors of assembled pieces on a larger part as it is assembled.

We propose a photogrammetry-based approach to deliver high-density 3D point cloud data

over extensive object volumes at a low cost without the use of targets [7]. Photogrammetry can be
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performed using targets, patterns, or a simple dot on a paper with a contrasting color. Although

this improves accuracy, placing targets on the scene in an industrial environment is cumbersome.
We avoid this step and use only feature-based photogrammetry.

Industrial assembly features often consist of highly textured surfaces with contrasting
colors and features, making it an ideal application of feature-based detection for photogrammetry
without the need for coded or non-coded targets. Using coded targets reduces measurement
uncertainty, but feature detection alone is often sufficient for assembly-line positioning error
detection on the millimeter or larger scale, as demonstrated here.

Feature detection algorithms in photogrammetry use edge-finding and other feature-
specific strategies based on the difference of Gaussians or using a Hessian matrix-based blob
detection in popular algorithms like scale-invariant feature transform (SIFT) and the speeded-up
robust features (SURF) algorithm. These algorithms rely on the visual properties of the surface
and show significantly less noise for these types of surfaces than would result from light detection
and ranging (LIDAR)-based sensors [10]. We use algorithms available in the open source, feature-
based photogrammetry library OpenMVG as mentioned in Chapter 2, which is flexible and
economical.

Point cloud data needs to be visualized and processed for quality inspection for metrology
applications. Numerous platforms have been developed for point cloud visualization and
processing. They include commercial software packages developed by manufacturers of point
cloud measuring devices and independent commercial software packages. GOM Inspect, FARO
scene, Polyworks, and PointCab are examples [7]. These software packages offer advanced point

cloud processing and error measurement capabilities but are expensive. We propose a simple
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technique that utilizes the popular point cloud fine registration algorithm, iterative closest point

(ICP), and MATLAB to compare our point cloud with the CAD model.

Figure 1 shows the proposed pipeline to perform a quantitative assembly-line inspection.
Photogrammetry is combined with a CAD model as a reference for comparison purposes. We then
create an AR application to provide an automated quantitative quality inspection platform for
assembly-line applications. Point cloud registration is used to calculate a transformation matrix,
which is used to calculate the translation and rotation between the two-point clouds and hence the

positioning errors between the reference and measured object.

5

Augmented Reality for Error
3D Point Cloud Comparison with CAD Visualization

Reconstruction using using Point Cloud
Photogrammetry Registration

+ Sparse Point Cloud + Coordinate System
obtained using open Alignment.

* Guide view created
from CAD for object
detection in real world.

+ Error information
displayed on screen for
quality inspector.

source libraries.

+ Dense Point Cloud + ICP for Positional Error
using Depth map Determination of individual
merging method. features of interest.

L #

Figure 1. Flowchart of the proposed method.

Following is an overview of the research:

1. Artifact design and fabrication to simulate commonly used industrial assembly line features
and dimensions. We target the automotive and aircraft assembly applications, where the
position of designed features such as a bolt and post are explored.

2. 3-D shape measurement of the component requires constructing a camera-based
photogrammetry architecture without targets and uses point cloud reconstruction using
open-source libraries.

3. Component position errors in the assembly line are estimated by comparing the point cloud

obtained from photogrammetry with the CAD model of the assembled part. The CAD
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model is sampled into a point cloud data set and registered with the photogrammetry data.

This registration is a two-step process involving coarse and fine registration. Both
commercial software and MATLAB are explored to perform this step.

4. Uncertainty studies are done, where the effect of random noise on the measurement is

investigated, and the factors limiting the uncertainty of the measurement are explored.

5. Once the position error is estimated, an augmented reality platform displays the

quantitative position error information in real-time on a live video feed of the part.

The following four chapters discuss the different steps of the proposed solution to the
quantitative inspection problem. Chapter 2 goes over data acquisition using photogrammetry,
where we explain the cost-effective avenues available and our photogrammetry architecture.
Chapter 3 discusses the CAD comparison, where CAD data is used as a sampled reference point
cloud to estimate the position error. Potential uncertainty contributions are studied in Chapter 4.
Chapter 5 presents the final step, wherein we implement AR to overlay the quantitative position

error information onto a live video feed for the user to visualize and perform the quality check.
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CHAPTER 2 DATA ACQUISITION USING PHOTOGRAMMETRY

Our goal in the data acquisition process is to obtain a 3D data set describing the dimensions of the
assembly under inspection. The aim is to detect millimeter-level position deviations of assembled
components as compared to the reference CAD model of the assembled system. Since we aim at
assembly errors in the automotive and aircraft industry, our inspection area will range on the scale
of fractions of a meter to several meters, but the methodology could be extended to smaller and

larger scales.

Current methods of 3D data acquisition are laser scanners, structured light techniques,
machine vision methods, and the coordinate measuring machine. We discuss these methods in
more detail in the following sections and discuss the advantages and disadvantages of using
photogrammetry for our application. The required density of the 3D data will depend on the
component whose assembled position needs to be evaluated. In our case, we will be reconstructing
components, such as nuts and bolts, that are approximately 4 cm high and 1 cm wide welded onto
a steel plate.

Photogrammetry is a Greek word derived from the Greek word for light, called 'phos',
'eramma’ meaning a drawing, and 'meterin' from the greek word meaning measure [44]. As
described by the name, photogrammetry is the art of obtaining information about the environment
and objects through measuring and interpreting photographic images or electromagnetic patterns
[46]. The American Society for Photogrammetry and Remote Sensing defines it as "the art,
science, and technology of obtaining reliable information about physical objects and the
environment through processes of recording, measuring, and interpreting images and patterns of

electromagnetic radiant energy and other phenomena" [69].
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Data is acquired through an optical sensor, most typically cameras that have CMOS or

CCD detectors. The amount of data obtained in an image is limited by the number of pixels and
bits in the analog-to-digital (A/D) converter. The pixel is the smallest spatial unit of an image. The
value of a pixel is defined by the A/D resolution and the mapped gray shade of the particular image

location [44].

Figure 2 shows a flowchart of the coordinate system transformation from world coordinates
to the image plane when a photograph is taken. The extrinsic camera parameters transform the
camera coordinate system using the rotation and translation matrices. Mapping to the image
coordinate frame is done using the intrinsic camera parameters, which depend on the lens focal

length, the camera principle point, and radial and tangential distortions [99].

World Coordinate Camera Coordinate

Image Coordinate

System System System

Extrinsic
Intrinsic

Pixel Coordinate
System

Figure 2. Photogrammetry process flow chart.

The digital photography age began at the end of the 20" century. Charged couple device
(CCD) sensors, a noble prize invention, were the first to be used as the digital platform for digital
cameras. With the creation of smartphone cameras, complementary metal oxide semiconductor
(CMOS) detector arrays, invented by Olympus [68], have become more widespread. Today's

iPhones utilize these sensors as detectors, with pixel resolution reaching as low as 0.7-0.8 um [67].



16
Monochrome (greyscale) color sensors store information in 256 levels or more, depending

on the camera's resolution. The image obtained from these sensors is grayscale. On the other hand,
color sensors need three values, the red, green, and blue (RGB) coordinates. These three are also
represented in 256 levels, 1024, or 4096, depending on the resolution of the camera sensor. Color
cameras have three channels, red color, for example, is described by the vector [255, 0, 0] on the
pixel, and white is represented by [255,255,255] [100]. Apple's iPhone uses RGB color sensors
with a prism design, where light is split into three separate sensors for each pixel to capture the
red, green, and blue components [101].

We have to perform a geometric reconstruction to reconstruct the 3D object space of our
assembly from the images. The accuracy and efficiency are determined by the similarity of the
image bundle with the principle rays that entered the lens when the photograph was taken. This
correspondence is calculated and improved using camera calibration. Photogrammetric
applications include orthophotos, where photogrammetry calculates the distance of the features in
an image [102]. Other applications include topographic maps, where the shape of the land surface
is reconstructed using photogrammetry, and architectural 3D reconstruction, where the
architectural models and ancient buildings are preserved using 3D data that can then be modeled
and used for virtual tours [44].

Figure 3 shows that photogrammetry, when treated as a black box, delivers a point cloud
or mesh of the reconstructed 3D scene from input images. The basic principle behind
photogrammetric measurements is triangulation, whereby light rays from the object are
triangulated to reconstruct the 3-D points in real space geometrically. In principle, at least two
images of the same point are needed to calculate the intersection of the rays into a 3-D coordinate

[103]. This is the basic principle; however, bundle adjustment and camera calibration are also
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needed to calculate camera angles and characteristics to refine the 3D locations of the reconstructed

scene [104].

3D world
Input images Photogrammetry coordinates, point
cloud / mesh

Figure 1. Photogrammetry input and output.

2-1 PHOTOGRAMMETRY COMPARISON WITH OTHER TECHNIQUES

The laser scanner works like photogrammetry in that triangulation is performed to gather 3D data.
A collimated light beam is projected onto the target, the beam is in the form of a point or a line,
and a CCD imaging device then detects the object's profile shape. As the laser sheet over the object,
3D data is collected [109]. Laser scanners offer higher accuracy over large spaces compared to

photogrammetry. However, the data can be very fuzzy over highly textured surfaces.

Several studies have been done comparing laser scanners with photogrammetry. One study
compared terrestrial laser scanners with data captured for photogrammetry using a 20-megapixel
camera [4]. The most promising advantage of photogrammetry is easy setup, reduced data
acquisition times, and reduced equipment expense compared to laser scanning approaches. The
cost of laser-based systems is high, and the number or availability of such devices is limited. The
scanners offer greater measurement resolutions and wider angle of coverage. The resolution here

is the distance between the scanner’s measuring points.
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Structured light measurement methods are active 3D imaging methods that actively

illuminate the object to aid 3D reconstruction. A device is used to project structured light onto a
surface. Various 3D scanning technologies have been developed; each scanning strategy comes
with its pros and cons. The properties and characteristics of the object to be measured determine
which technique to be used. One of these techniques is light modulation, where modulated light is
projected onto a surface in a sinusoidal pattern. The reflected light is detected by a sensor [105].
Another example is binary patterns and gray coding, where black and white stripes are projected
onto the surface [108]. Chapter 1 briefly overviews the different structured light techniques and
their measurement accuracies.

Structured light techniques have a smaller measurement volume; while it is possible to use
them in larger areas, that comes at a computational cost and data storage problems [106].
Furthermore, the equipment needed to perform structured light measurements is costly and
requires specialized labor. The scene also needs to stay static for a period when light is projected
on it.

On the other hand, image-based quality inspection systems are among the most popular
quality control systems since they can be easily implemented at a lower cost. Especially for small
companies and startups, buying high-quality, industrial-grade cameras is relatively inexpensive.
The cameras can also be controlled remotely, thereby decreasing on-site personal time.
Photogrammetry also requires a minimal workforce in that cameras can be left at the scene at
different locations, and image acquisition can be automated. There is no necessity for skilled labor
to take images from separate areas.

Analysis of 3D image-based data acquisition methods, including laser scanners,

photogrammetry, and structured light systems in an industrial environment, shows that when



19
selecting a particular method, the conditions of the work environment, i.e., changing illumination

levels and moving geometrical surfaces of interest need to be considered. Methods of active
illumination, like structured light techniques are preferable because inspection systems become
less sensitive to changes in the illumination conditions of the industrial environment [5]. Although
structured light methods are preferable as they also lead to lower 3D point cloud uncertainty, they
require a skilled worker and expensive equipment and software to work. Certain factory conditions
offer low flexibility on the availability of resources, such as computing devices and electricity,
whereby offline data acquisition needs to occur, and photogrammetry is a good fit.

Reasonable lighting conditions on a factory floor, combined with the availability of high-
processing graphics processing units (GPUs), make the photogrammetry-based inspection a good
fit. Close-range photogrammetry in industry is a relatively new concept providing highly accurate
3-D measurements that became popular in the 1980s. For large objects greater than 10 m,
photogrammetry offers a precision of 1:500,000 [6].

Furthermore, while contact measurement methods like the CMM and non-contact methods
like laser scanners offer low measurement uncertainty, they come at a hefty price. A study on
geometrical measurements in car testing laboratories studied the suitability of laser scanners and
photogrammetry techniques to perform these measurements [8]. The study points out that the
geometrical parameters of the cars in these laboratories are set by ISO 612:1978 and the
dimensional tolerances mentioned are high enough to compensate for the relative lower

uncertainty offered by photogrammetry and laser scanners.

2-1-1 COMMERCIAL PHOTOGRAMMETRY PRODUCTS

Geodetic (Melbourne, FL, USA) offers commercial photogrammetry software and devices such as

V-STARS to measure aircraft engines, boxes, and large ship parts, among others [9]. The package
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includes specialized cameras, scale bars, and coded targets. Figure 4 [60] shows the package,

which provides photogrammetry targets, handheld camera devices, and computer software.

Figure 4: V-STARS photogrammetry device

Pix4D [61] and DroneDeploy [62] software is used for unmanned aerial vehicle UAV land
surveying by using drones. Pix4D offers a range of products, from mobile photogrammetry apps
to data capture hardware, such as a camera mounted on a crane, which can be controlled remotely.
Similarly, DroneDeploy offers data acquisition with autonomous drones and programmed robots
to walk through the site and capture data with photogrammetry data acquisition and analysis
software.

For large-scale close-range photogrammetry, Bentley ContextCapture [63] offers products
for the civil industry sector. Their systems create 3D reality meshes or point clouds from input
images to be shared and analyzed over the cloud in the civil engineering industry. CapturingReality
[64] is another mobile photogrammetry app for close-range photogrammetry applications. Their
software and apps cost hundreds to thousands of monthly subscription costs.

Thus, there is an opportunity in the market for an economical alternative. Cell phone
computational abilities allow for sophisticated applications and can be readily accessible, as
virtually everyone in the 21 century has access to a smartphone and smartphone camera. The

combination provides on-spot 3D reconstruction; however current commercial apps require a hefty
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monthly subscription. Thus, we focus on exploring free resources to create a pipeline that can be

interfaced with the whole inspection model, including data processing, comparison with the

reference, and visually displaying the points for the user.

2-2 USE OF OPEN-SOURCE LIBRARIES

Two data analysis routes for performing photogrammetry are commercial software and open-
source alternatives. From a consumer point of view, commercial and freeware software solutions
are black boxes, and it is impossible to customize and modify the software for specific needs.
Whereas, open-source solutions provide complete access, we can modify multiple view geometry
algorithms, and they can be interfaced into an over-arching software architecture [49].
Furthermore, open-source libraries offer complete transparency and promote research, as anyone
can test and improve the algorithms, thus developing a supportive community for a variety of

applications of the library.

Keeping this in mind and as mentioned in the introduction, our focus is on making the
photogrammetry pipeline economical, which is why we pursued the open-source libraries
OpenMVG [18] and OpenMVS [23]. Both open-source libraries were combined to obtain 3-D
dense point clouds from images. Photogrammetry can be divided into two main categories. One
method reconstructs 3-D point clouds with prior camera position and angle knowledge. The second
category uses a structure from motion (SfM) pipeline, which simultaneously calculates the camera
pose and the 3-D shape using feature detection in images, after which feature matching occurs.
OpenMVG offers a collection of integrated small libraries that can be used in a pipeline to perform
3D reconstruction from images using SfM [49]. Similarly, OpenMVS is integrated with this

pipeline to obtain a dense point cloud.



22
The OpenM VS library is based on the work of Moulon Pierre, Monasse Pascal, and Marlet

Renaud [23]. The library is based on the structure from motion (SfM) algorithms, which take, as
input, images to yield reconstructed points in the 3D space. Instead of taking in images
incrementally and building the 3D space using a globally fixed threshold to estimate the object
(3D points in space), the library uses a 'contrario' method that adapts thresholds for each input
image and model estimation [46].

One of the first steps while computing a 3D structure from images is to follow the position
of a characteristic point in a set of images. To find the correspondences of these points in multiple
images is called tracks. The library uses the union-find [111] algorithm to fuse two-image
correspondences into multi-view tracks [47].

The multi-view SfM pipeline used in the library uses a modified global calibration
approach. Conventionally used incremental methods for estimating the orientations of the images
are subject to drift because errors are accumulated [48]. The modified global calibration approach
is based on the fusion of the relative motions of the image pairs. The camera orientations are
calculated using a trifocal tensor estimation method, and the camera positions are calculated
through a translation registration method [48].

The OpenMVG library is written in C++ and uses the CMake build system to create
executables for windows and advanced RISC machine (ARM) targets. OpenMVG utilizes the
Eigen library [51] to perform linear algebra and the ceres-solver [50] to do the bundle adjustment,
a form of large-scale non-linear minimization. Being open source and offering extensive
documentation, it is easy to use the library with other software and custom applications [49].

OpenMVG recovers camera poses and reconstructs a sparse 3-D point cloud from input

images. We interface this output with another open-source library, OpenMVS, which has
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algorithms to recover the entire surface of the scene to be measured. This part of the

photogrammetry pipeline uses the estimated camera poses and the sparse point cloud outputs from

the OpenM VG step and establishes an estimate of a dense 3D point cloud of the object.

2-3 STRUCTURE FROM MOTION PIPELINE

We follow the SfM pipeline to perform photogrammetry. The pipeline starts with feature
extraction, where feature identification algorithms are used to identify features in the images. A
2D point location can describe each region in the image, its scale (the zoom scale of the image),
and its orientation. We can detect blob regions, scale-invariant points, corner regions, or affine
invariant regions. The algorithms SIFT [53], AKAZE [54], FAST keypoints [55], and tree-based
morse regions [56] are a few examples of the feature extraction and description algorithms that
were explored. Once these features are identified in images, they are matched and identified in the
set of input images. This image matching is done using brute force methods [112] or ANN-kD
trees [52]. The algorithms mentioned are used to compute the nearest 3D points in the image pairs
or to find the corresponding points on the images by matching the features across a series of images

[49].

Figure 5: Feature matching in image processing [113].
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Figure 5 [113] shows two images from the OpenCV library going through feature

matching. Some multiple view geometric constraints such as relative pose, absolute pose, and
triangulation are also checked to filter out the set of matching feature points between the image

pairs. Figures 6 (a) and 6 (b) show the SfM pipeline in more detail.
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Figure 6 (a) Structure from motion steps for 3D reconstruction (part 1).
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Figure 6 (b): Structure from motion steps for 3D reconstruction (part 2).
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2-3-1 FEATURE DETECTION ALGORITHMS

As mentioned in the section above, the features in the images need to be identified and described.
We use the scale-invariant feature transform method (SIFT) [57], introduced by D.Lowe and now
included in the OpenCV library. The feature detection algorithm is robust to occlusions, as neural

networks can be used to predict data [114], and it is highly efficient.

A scale space is produced from the image by the convolution of a gaussian kernel,

which is used at different scales; this is used to create several octaves, as shown in Figure 7 [58].

Figure 7: Concept of octaves in the images illustrated [58].
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The image I(x, y) is first blurred using a gaussian blur operator G (x, y, ), where x,y

are the coordinates and o is the scale, which controls the amount of blurring. The blurred image

L(x,y,0), can be written as
L(x,y,0) =G(x,y,0) *I(x,y)

1 24,2 2
where,G(x,y,0) = —e* +y7/20%

These blurred images are then used to generate a difference of Gaussians. The key
points are created by comparing each pixel with its neighbors in the same, next, and previous
scales. If it is a local maximum, then it is considered a possible key point [58]. These key points

are then filtered and assigned an orientation, location, and scale.

2-4 DENSE POINT CLOUD RECONSTRUCTION

The SfM pipeline gives a sparse point cloud which is then used for dense reconstruction. As
mentioned earlier, OpenMVS is used in a pipeline following OpenMVG to perform this dense
reconstruction. This library targets the last part of the photogrammetry pipeline by reconstructing
the detailed surface of the scene or object to be reconstructed. The library is based on the depth-
map merging method proposed by Shuhan Shen [66]. This algorithm is suitable for large-scale
reconstruction compared to other methods like surface evolution methods and feature point

growing methods.

The depth map merging method consists of a few steps. The first step is the stereo
pair selection, whereby the images are sorted based on the angle between the principal view
directions of any two camera locations and the distance from the cameras' optical centers.

The second step is to compute a depth map, i.e., every pixel in an image is assigned

a depth (z-coordinate) and a patch normal. For each pixel 'p', its neighboring pixel 'q' is used to
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calculate the corresponding pixel in the reference image [115]. A matching cost is then calculated.

This depth map goes under a refinement step, after which the maps are merged and go under some

checks for the neighboring pixels to create a dense point cloud [66].
2-5 PHOTOGRAMMETRY PROCEDURE TEST RUNS

2-5-1 TEST ARTIFACT

To test the proposed pipeline, we designed and had a fabricated steel-based assembled system of
welded components onto a steel plate. The method we described using photogrammetry can be
applied to various assembly applications involving different materials and scales. A CAD model
of the artifact used here was made in Creo parametric [15], and a real-life model was constructed,

whereby the individual features were welded onto a base steel plate.

Angle Brackets
\

Figure 8. CAD model of the artifact to resemble assembly line features.
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Figure 9. Plate constructed using the CAD design to be used to demonstrate the pipeline.

Figure 8 shows the CAD model of the artifact. The system is 30 mm by 30 mm and
contains assembled blocks and posts that serve as the assembled components of interest with
heights as large as 40 mm. Angle brackets are also shown in the CAD to facilitate mounting onto
an optical bench. Figure 9 shows the steel plate constructed from the CAD model where blocks,
links, bosses, posts, etc., were welded onto the plate at specific locations. It is bolted to an optical
bench, representing a fixed location in an assembly line. The plate is made of steel and has a rough
surface texture, representing a steel assembly in various automotive and aerospace applications.
The system was designed to have standard components welded onto a steel manifold that would

be consistent with typical automotive/aerospace assembly applications.

2-5-2 SPARSE POINT CLOUD RECONSTRUCTION

For data acquisition, in keeping with our goal of an inexpensive and accessible system, we used a
smartphone camera, as described earlier in Section 2.1, to collect a sequence of images. The
camera is used with a fixed focal length by turning off auto focus and filters in the smartphone

camera are disabled. The focal length is fixed, and 60 images of the artifact are taken from different
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angles with an approximate shooting distance of 1 m. Multiple images with around 90 degrees

spread and about 50 % image overlap were taken to improve the reconstruction accuracy [16].
Exact knowledge of the camera positions for each image is not needed because this is determined
through bundle adjustment in the photogrammetry process (the camera extrinsic parameters, i.e.,
rotation and translation of the image plane away from the camera). For intrinsic camera parameters,
the photogrammetry pipeline from OpenM VG self-calibrates the camera, using an estimated focal

length mentioned in Equation (1). Normal indoor room lightning conditions were used.

Since we don't know the exact intrinsic camera parameters, some estimates were provided

to the pipeline. The following Equation [17] was used to estimate the focal length in pixels

max(wpl-x, hpl-x) X focalym
ccdWomm

focal,;, =

)

where focaly,;, is the camera focal length in pixels, focalyy, is the focal length in mm,
Wpix and hy;y is the image's width and height in pixels, and ccdwpy,, is the camera sensor width
size in mm. Keeping the focal ratio, i.e., (focal. mm)/(ccdw_mm ) equal to 1.2 gives a
reasonable starting estimate by setting the FOV of the camera equivalent to 45 degrees. This
estimate is just a starting point for the self-calibration step part of the bundle adjustment.

After the images are taken, they are used for the first step in the SfM pipeline, i.e.,
feature extraction. In this step, we used SIFT, which locates key points of features in the images
and assigns a descriptor to them. The algorithm is scale-invariant, according to Lowe [20]. The
scale invariance is achieved using various octave or scale levels, convolved with a blurring
function. The difference of Gaussians (DOG) is then calculated to extract prominent key points in
the images [20]. Once the locations of the key points are calculated, their orientations are also

estimated to make it rotation invariant. Gradient magnitudes and directions are calculated using

(1)
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the neighboring pixels around the key points. Once the key point locations and orientations are

established, feature matching occurs. Features extracted using SIFT have shown to be robust with
images with noise, changes in illumination, and across a range of affine distortion [20].

The fast cascade hashing method is used for feature matching across images as the next
step in the SfM pipeline. This method is an approximate nearest neighbor (ANN) method based
on hashing, which uses a three-step process to map an image into its binary code [21]. Once image
matching is done, a global bundle adjustment method [22] is utilized, and a sparse point cloud is

obtained.

Figure 10 Images of the artifact taken at different camera angles.

The sparse point cloud obtained using an incremental SfM pipeline is shown in Figure
12. The yellow dots in the figure show the camera positions around the artifact where the images
were captured. The images must have overlapping regions to triangulate the same point in at least

two images for 3D reconstruction of the point. Figure 11 shows the calculated camera poses.
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Figure 11. Camera poses are calculated and shown.

Figure 12. Sparse point cloud generated using photogrammetry.

2-5-3 DENSE POINT CLOUD RECONSTRUCTION

To obtain a dense point cloud, we use another library called OpenM VS [23]. A depth map merging
method was performed here. The method uses data from SfM and the previously constructed sparse
point cloud to create depth maps and refine them. These depth maps are refined using PatchMap,
filtered, and merged to form a dense point cloud. PatchMap performs nearest neighbor matches

between different image regions [116].
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This method works well on large-scale objects [30]. Figure 13a shows the resulting

dense point cloud. Figure 13b shows the point cloud with a distance map relative to the CAD
model shown in the insert. The distance between the nearest point on the point cloud and the CAD
model lie within —0.75 mm to 0.75 mm [31]. As seen in both figures, the sparse point cloud acts
as a skeleton for dense reconstruction to fill in the points on the surface. The dense point cloud

shown is reconstructed with surface texture details and the RGB values of the points visible.

13 (a) 13 (b)

Figure 13. (a) Dense point cloud, (b) Close-up of the point cloud with distance map in the insert.

For assembly position error estimation, the geometric shape of the components (the boss,
block, and link on our plate) must be well constructed. We want to calculate the component's
position relative to a global coordinate system for comparison with the reference, which is the
nominal location. As shown in the figures, the components on the plate are visually well
reconstructed in the 3D point cloud. The individual component reconstruction however is not
apparent here, we will see the effects of noise on the individual points and the deviations from

CAD in the next two chapters.
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Figure 14 shows the distance map in more detail. A distance map was calculated using the

photogrammetry data and its CAD model to obtain an idea of the noise and deviation of the data
from its reference. The map shows a distribution of difference values with an approximately
gaussian shape with a full-width half max (FWHM) of 0.6 mm. The deviation in the map of the
fabricated artifact can be attributed to noise from the photogrammetry process and deviation of the
actual component shape compared to its reference CAD. As mentioned above, the distance map

has a deviation of FWHM of 0.6 mm.
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Figure 14. Distance map to calculate the deviation of the data from reference.

The above method verification successfully showcased an economical and flexible

method, using just a smartphone camera and a laptop for 3-D measurement of an assembled part
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to be inspected in an industrial assembly line application. The data acquisition was straightforward

and did not require the cumbersome and time-consuming step of adding coded targets to the object.
The dense 3D point cloud reconstruction process took approximately 10 minutes to generate from
images.

The next chapter focuses on processing and comparing this 3D measurement data with a

CAD model as a reference to estimate the position error o bnf assembled components on the part.
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CHAPTER 3 POSITION ERROR MEASUREMENT USING CAD AS REFERENCE

3-1 INTRODUCTION

With the revolution of industry to 14.0, there has been a shift from less variety of products but
more quantity to more variation, customized products, and low quantity [70]. Industry 14.0 refers
to smart factories where product manufacturing and distribution have improved with the
integration of machine learning, cloud computing, and internet use [117]. This advancement has
affected the quality inspection industry and has led to the adoption of Assembly System 4.0 [70].
More customizations make it harder to manage production, and more agile and flexible quality

inspection systems are needed.

Quality inspection can be divided into three parts, pre-production inspection, in-line
inspection, and final inspection. Pre-production inspection focuses on testing raw materials, such
as the material weight, resistance, and dimensional stability, before they enter the production
phase. The in-line inspection ensures that the components are accurately processed or cut after
each critical production step. Final inspection happens at the end of the production process before
the part is handed over to the buyer or consumer [71]. Since we focus on assembly line errors, our
work targets final inspection or in-line inspection for an intermediate assembled step.

Although quality inspection encompasses an extensive array of tests and checks,
this dissertation focuses on the quantitative inspection of a components' position error in the
production assembly stage. Assembly error is the variation of the installed position of a component
compared to the reference position required by the design specification.

When a component is assembled onto the parent system, all 6 degrees of freedom (DOF)

of rigid body motion are involved. Here we reduce the general 6 DOFs and define the position
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error measurand as the displacement of the center of mass of the component on the assembly from

the nominal position defined in the reference CAD model. The pipeline presented here delivers a
quantitative estimate of all 6 DOFs of the component; thus, the work could easily be extended to
define other related measurands. Unique position error estimates of components on the assembly
requires that the measured point cloud of the assembly be aligned with the CAD model in some
way. This is done by defining a global coordinate system in the CAD model, realizing an estimate
of the same origin and orientation in the measured point cloud data, and then transforming the
measured point cloud so the coordinate systems overlap. This establishes unique positions for the
assembled components in the global coordinate system, thereby allowing for unique estimates of
position errors. This process is discussed later in the chapter.

The position error measurand in our application is found through registering together two-
point clouds of the individual components. This registration results in a transformation matrix,
which includes the moving point cloud's translation and rotation to align with the reference point
cloud. The distance of the center of masses between the two-point clouds will serve as our position
error measurand.

While coming up with a solution for the position error inspection problem, we have made
the process independent of component shape and utilized the availability of CAD models or any
reference point cloud for comparison purposes. Furthermore, with our goal of making the pipeline
cost-effective, flexible, and adaptable, we relied on economic and customizable codes.
Commercial software was also explored briefly while performing this research.

Point cloud data needs to be visualized and processed for metrology applications to pass
quality inspection. Numerous platforms have been developed for point cloud visualization and

processing. They include commercial software packages designed by manufacturers of point cloud
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measuring devices and independent commercial software packages. GOM Inspect, FARO scene,

Polyworks, and PointCab are a few such examples [5]. These software packages offer advanced
point cloud processing and error measurement capabilities, but they come at a hefty price.

Apart from commercial software, two well-known open-source libraries are available for
point cloud processing, PCL (point cloud library) and Cloud Compare. MATLAB, though not
open-source, also offers an economical and open-ware coding platform.

This chapter focuses on finding and quantifying component position errors while
performing a quality inspection in the industrial assembly line. We are targeting millimeter-scale
errors in position with submillimeter uncertainty. We begin the discussion with our study of and

approach to point cloud registration.

3-2 POINT CLOUD REGISTRATION THEORY

Remote sensing gathers data in the form of 3D point clouds. Typically, multiple sensors are used
to acquire the data to reduce data acquisition time and increase accuracy [72]. The alignment
needed to integrate the numerous data sets is called registration. Another application for
registration is when two independent but corresponding (source and target) point clouds need to
be aligned, as when making a comparison for quantitative inspection and the model is aligned with
the data for comparison. Registration is an essential step in estimating the actual component

location compared to the nominal location. [72].

Research in the field of 3-D registration began in 1970, initially in the military, and now
the applications range from medicine to computer vision [77]. Registration can be divided into
coarse and fine registration. Coarse registration ensures that the two sets of point cloud at least

overlap and that the source point cloud is oriented somewhat in the same direction as the target
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data set. In comparison, fine registration optimizes the overlap of the two-point clouds through

iterative techniques or random sample consensus methods [77]. Fine registration algorithms rely
on good initial alignment to avoid getting stuck in local minima.

In our application, the coarse and fine registration terms are slightly intermixed since we
are using fine registration algorithms in both steps. In this dissertation the coarse registration term
will be used for coordinate system alignment and fine registration term will be used for registration
done to realize the individual component position estimates and errors.

Before fine registration can take place, coarse registration is used to achieve a good initial
guess. Since we will be using ICP on the component itself, not the background, we'll need to make
sure our coarse registration has enough overlap, so it does not include the neighboring elements

when masking out the component of interest.

3-2-1 COARSE REGISTRATION

Generally, the first data analysis step is a coarse registration between the measured point cloud
data and the reference CAD model. In photogrammetry, coarse registration is usually achieved
with three coded targets in the scene that define an origin, an x-axis, and an x-y plane to establish
the coordinate system (see Figure 15) [24]. Depending on the application, many algorithms and
strategies are used for coarse registration. In our measurement, the method relies on the shape of
the parent substrate on which the components are assembled. Our demonstration artifact is a plate
on which posts, blocks, links, etc., are attached. We pursued plane detection strategies as the first
step of our coarse registration because general background shapes typically have approximately
local flat regions. Rather than apply coded targets, we also use specific features on the part itself

(e.g., two holes) to complete the information needed to define the data global coordinate system.
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We used a combination of plane detection and ICP fine registration to perform this data global

coordinate system alignment which we are referring to as coarse registration for our application.

Figure 15. Coordinate system alignment using targets placed in the scene where corners of the target are

used to lock the origin and the x, y, and z-axes.

3-2-2 FINE REGISTRATION WITH ITERATIVE CLOSEST POINT THEORY

3-D registration comprises pose estimation, alignment, and motion estimation. Most of the
literature focuses on certain types of shapes, such as polyhedral models, quadratic models, and

point sets with known correspondences [70].

Gilbert and Foo [74] did work on computing the distance between two objects, which could
have typically been used in shape-matching techniques. However, these methods rely on
decomposing the shapes into sub-bodies which is not a simple task to perform on CAD models
[70].

The iterative closest point algorithm is a free-form surface matching method that can be
generalized for n dimensions. It does not require any extracted features or surface normal
information [73]. This shape registration method can be applied to 3-D point clouds, line segments,

and curves, both parametric and implicit [73].



40
ICP finds an optimal rigid transformation to align source points with target points for rigid

body registration between two sets of points. This method's weaknesses are its sensitivity to
outliers and slow convergence. Much work has been done to improve ICP drawbacks, such as
optimizing the convergence speed by treating the point-to-point ICP registration as a majorization-
minimization algorithm [75]. Noise effects are also discarded by eliminating erroneous
correspondences between the points in the data sets by using learning-based methods based on
calculating the point distances and the angles between the normal [76].

Zhang and Yao [76], give a brief overview of the traditional ICP method. The classical ICP
algorithm works as follows, given two sets of point clouds containing the points P =
{p1, 02, -, P} and Q = {q41,95, ..., @m}, We treat P as the source point cloud and Q as the
target data set. A rigid transformation of P is calculated using rotation, R, and translation T
matrices. The distance between the transformed point Rp; + t to q is calculated, and the function
is minimized.

This minimization function is then solved using an iterative method. The first step to
solving this minimization is to find the closest point, ql.(k) in the target data set, this point can be
written as

qi(k) = argmin |RWp; + tk — q|
The second step is to update the transformation by minimizing the function below:
(R**1,tk+1y = argmin |Rp; + t — qﬂz
To solve the above function, singular value decomposition (SVD) is used. This is done

iteratively until the mean square change falls below a particular threshold value. This threshold

controls the target precision of the registration process [73].
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This classical ICP is 'point to point', as the alignment minimizes the distance between the

source points and target points. Another way to use ICP in 3-D space is to compute the 'point-to-
plane' distance minimization. The 'point-to-plane' approach minimizes the distance between the
points in the source to the tangent planes in the target data set.

Given any rotation and translation, the ICP algorithm converges to the local minimum,
which might not always be the desired global minimum. To solve this global minimization
problem, people perform coarse registration. This step can be done by iteratively performing ICP
on the source point cloud or by doing transformations so that the center of masses of both point
clouds align [73].

Some of the significant advantages of ICP algorithms are that it can handle all 6 degrees
of freedom, are independent of shape variations, and can handle noise levels of standard deviations

up to 10 percent of the object dimensions [73].

3-2-3 POINT CLOUD REGISTRATION METHODOLOGY

Positioning errors are calculated by comparing the 3-D point cloud of the object with its CAD
model. This involves processing the 3-D data by removing background features, implementing
coordinate system alignment to a global coordinate system, and finding deviations with respect to

the CAD model.

3-2-3-1 GLOBAL COORDINATE SYSTEM ALIGNMENT

Before the position errors of assembled components can be estimated, a global coordinate system
must be defined. As discussed above, the CAD model and the 3D photogrammetry data need to be
registered/aligned (axes and origin). This coarse alignment provides an aligned starting point from

which the position error of features over the assembly can be evaluated. This step starts with using
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the plane of the steel plate to lock two degrees of freedom of the coordinate systems. The plane is

extracted from the 3D point cloud data set using a least-squares best fit to the plane equation

ax + by +cz = d, (2)

where the plane normal is n = (a, b, ¢) and d is the distance from the origin to the plane.

The MATLAB function 'pcfitplane' [ 120] is used to fit a plane to our photogrammetry point
cloud data. The reference vector of [0, 0, 1] is given as input to extract the horizontal point clouds
on the plane. Figure 16 shows the extracted point clouds where the red surface is used to define
the plane parameters of these points. Figure 17 shows the same plane surface on the whole point
cloud. The plane parameters are then used to find the rotation such that the normal to the plane
aligns with the z direction, and the plane becomes parallel to the x-y plane. The value of z is zero

at this height and defines the x-y plane.

Figure 16. Points on the x-y plane are shown in red.
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Figure 17. The fitted plane is shown on the point cloud of the whole artifact.

Next, the centers of two of the four holes in the plate are used to establish the origin and
the x-axis. Figure 18 shows one of the corners extracted from the measured point cloud using the
geometrical location on the CAD model. These extracted point clouds are then registered using a
modified ICP algorithm, as shown in Figure 18 (d). For this ICP step, the z-axis is locked because
it is defined by the already-aligned plane and only the two-translation x and y degrees of freedom
are varied to align the CAD model with the data. The resulting transformation matrix then defines
a best estimate of the location of the origin in the point cloud data. A similar method is used with
the second hole to realize a best estimate of an x-axis in the point cloud data, with the DOF for

ICP kept to just rotation around the z-axis.
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CAD data Photogrammetry data

(b) (d)
Figure 18. Corner circles on the plate are being used for global coordinate system definition. (a) The
circle feature shown on the data's dense point cloud, (b) the CAD model's point cloud of the feature, (¢)
the point cloud extracted from the photogrammetry data set of the same circle, (d) the two-point clouds

after the ICP fine registration.

3-2-3-2 POSITION ERROR ESTIMATION

Once the coordinate systems are aligned, the CAD is superimposed with the point cloud data. The
feature of interest whose position needs to be evaluated is isolated. Since we know the nominal
position of the component of interest from the CAD model, the same position + ¢ mm is used to
define a volume in the point cloud data, where the feature is likely to be. The parameter 7 is a

chosen tolerance that reflects a maximum possible position error. This volume is cropped from the
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point cloud data. A CAD model of only the feature of interest is then used to locate the component's

position in the point cloud data using iterative closest point (ICP) registration [25]. This process
allows position errors to be assessed for arbitrary-shaped features like bosses or links, as opposed

to using algorithms designed for well-defined simple geometries like cylinders or blocks.

ICP is a point cloud registration algorithm that performs a rigid transformation by searching
point-to-point correspondence between two point-cloud datasets and aligning these two datasets
through iteration. The rigid transformation matrix transforms the source data set into the new
(aligned) dataset. After every iteration, an RMS (root mean square) error is calculated between the
two points (target and source). If the RMS is above a certain threshold, the above steps are
continued until convergence conditions are met [26].

The CAD feature point cloud is kept as a source (moving) dataset, and the photogrammetry
data set is kept as the target point cloud to perform this registration. Before registration, the
photogrammetry data set is down-sampled using grid average down-sampling by selecting the grid
size equal to 0.5 mm [27]. This down-sampling averages the noise and improves the signal-to-
noise ratio of the point cloud data. The grid size is chosen to have enough points for the point cloud
to adequately represent the feature of interest (a post in our example) while averaging to reduce
noise as much as possible. The resulting transformation matrix captures the six degrees of freedom
of the position and orientation misalignment of the feature of interest and therefore contains the
position error information. Around 20,000 points were kept for the target data set and 8000 for the

moving point cloud.
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3-3 POSITION ERROR ESTIMATION RESULTS

Once the 3-D point cloud is reconstructed and aligned to a global coordinate system, the positions
of the components and features of interest can be compared with the CAD as a reference. Figure
19 shows the point cloud and the CAD registered to the same global coordinate system described
above. To demonstrate the process, a CAD model is used with a shifted position of the post on the
assembly (near the front), so a position error is present in the measured point cloud data and can

be quantified. The Figure 19 insert is a higher magnification of the misplaced-post region.

Reference Post

Figure 19. Point cloud superimposed with the CAD model. The insert shows a magnified misplaced

component region.

The nominal position of the post in the CAD model is used to select a 3D region likely to
contain the post in the point cloud data set. Figure 20 (a) shows the post isolated from the plate.
Geometrical information of the CAD model is used to approximately extract the points presuming
to contain the post in the photogrammetry point cloud. Then, the fine registration ICP step with
the 3D point cloud of the post and the CAD model of the post is used to determine the post position
error. Remember, the ICP fine registration returns 6 DOFs of the post in the 3D data and we are
taking the position error measurand to be the distance between the center of mass of the two-point

clouds. Figures 20 (b) and (c) show the point clouds before and after ICP registration.
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Figure 20. (a) Post isolated as a component of interest, (b) point cloud and reference data set before
registration, and (c) after registration.

To check how well the registration works for large position deviations, the post in the
reference was displaced from 1 to 9 mm. ICP was then performed, and the displacement between
the two posts was calculated. Figure 21 shows the actual and measured position differences. The
variation in this measurement falls within + 0.2 mm of the actual, for a displacement of Imm. The
discrepancy between the two values can be explained by looking closely into the 3D reconstructed
points, the limitations of ICP and manufacturing surface defects and roughness. The latter can be
distinguished by taking measurements using a CMM. Noise due to the reconstruction process is
affected by image acquisition processes, the reconstruction algorithms, and camera quality. In the
next chapter, we explore this further.

Upon looking at the point cloud of the component closely, we can see noisy points scattered
around the post; thus, it is safe to assume the discrepancies between the position estimations are

due to ICP converging at local minimums for every displacement value.
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Figure 21. The actual simulated displacement error is plotted against the calculated position of the post in

the photogrammetry data set.

To investigate this further and see how the point clouds behave and converge near the local
minimum, another post on the plate of height 25 mm and radius 10 mm was picked and the same registration
method was performed. Figure 22 shows the graph of the resulting estimate of the position deviation relative

to the reference.

At Smm post displacement from the reference, the step-by-step iteration steps of the two-point
clouds while performing ICP were plotted. Figure 23 shows the result, after 8 iterations the displacement

between the points in the two-point clouds is the lowest, providing maximum overlap.

To test if there indeed is a local minimum at this point, a simulation was performed where the
photogrammetry point cloud was fixed at Smm point and the reference was moved in increments of 0.1
from 4mm to 6mm. Figure 24 shows the graph of the displacement between the points on the moving point
cloud and the reference point cloud at each of these distances. As seen, we see a minimum displacement at

5.3mm, which corresponds to our position estimation at Smm in Figure 24.
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Figure 22. The actual simulated displacement error is plotted against the calculated position of the post in

the photogrammetry data set.

35 Displacement Increment for ICP iteration for 5mm Displacement between the posts
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Figure 23. The displacement increment for ICP iteration for Smm actual displacement of the post is
plotted to see how the displacement between the two-point clouds is minimized while performing this

registration.
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Figure 24. Reference point cloud is moved a fixed distance from the photogrammetry point cloud of the

post and the displacement between the points of the two-point clouds is calculated.
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CHAPTER 4 UNCERTAINTY AND CONFIDENCE IN THE MEASUREMENT

4-1 INTRODUCTION

Our measurand is defined as the displacement between the center of masses of the two-point
clouds, the point cloud data from the photogrammetry and point cloud data from the CAD model.
This is estimated using point cloud registration algorithms. Our goal is position error

measurements of 1mm and higher with submillimeter uncertainty.

Uncertainty contributions can be divided up into three groups: i) noise and possible bias in
the acquired point cloud data, ii) the actual shape of the component compared to the ideal (CAD
model) component shape, and iii) data processing choices.

For the first group, the measured 3D point cloud is acquired using the structure from motion
pipeline (SfM) in the photogrammetry stage. It relies on 2D images of the scene and non-optimal
image acquisition conditions will affect the 3-D photogrammetry process and uncertainty in the
point cloud. Good image acquisition practices like good lightning conditions, diverse camera
positions, and image densities reduce point cloud uncertainty [80].

Lighting conditions and camera location choices can lead to spatial biases in the 3D point
cloud. Thus, the 3D reconstruction process would be sensitive to optical properties of surfaces and
lighting conditions and would be situation dependent. The contribution of these factors should be
explored when the measurement process is configured for a particular application.

Random noise in the point cloud that is point-wise independent (or independent over a
spatial length scale that is small compared to the dense point cloud reconstruction length scale will

be present.
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Some commercial photogrammetry software, such as ContextCapture [81] and Metashape

[82], use global smoothing algorithms. Work done by Nealen and Igarashi [83] explains a mesh
optimizing and smoothing algorithm. However, these algorithms also smooth out the finer features
of the point cloud. Another technique to remove noise in the photogrammetry data is to use local
feature algorithms, which are used to analyze the 3D mesh shape and the surface normal, to analyze
areas of high surface roughness versus noisy regions [84, 85]. This chapter explores the impact of
point-wise random noise in the point cloud on the measurand using a Monte Carlo analysis.
Simulated data is used for the study and noise is added in all 3 dimensions to each point over a
range of noise levels.

The second uncertainty group is the impact of the actual shape of the component compared
to the ideal (CAD model) shape. This contribution will be application dependent. It will depend
on the manufacturing tolerances of the components themselves to be assembled and the assembly
process (e.g., welding). For the artifact used in this study, with steel components welded onto a
steel plate, the investigation discussed in Chapter 3 shows position error uncertainty on the scale
of several tenths of a millimeter that is consistent with this explanation. It is much larger than the
point cloud random noise discussed below. The impact of point-wise random noise on the
measurand likely would be the limiting uncertainty in some applications.

The third group, data processing choices, is also discussed in this chapter. This includes
things like masking choices made to extract the region of the point cloud containing the component
and data processing steps used to define the global coordinate system. Parameter choices for the
ICP algorithm used for the registration (discussed in Chapter 3) like point cloud densities and the
convergence threshold impact the measurand and should be chosen carefully to ensure these are

not a limiting uncertainty contribution. ICP convergence to a local minimum can occur when the
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noise in the 3-D reconstructed data is high or when there are not enough geometric constraints in

the point clouds (such as when the point clouds are symmetric) [86]. The investigations discussed
in this chapter should be repeated when configuring the measurement to a new application to

ensure ICP is configured with appropriate point cloud densities and a convergence threshold.

4-2 STUDYING THE EFFECT OF POINT-WISE RANDOM NOISE ON THE MEASURAND

Figure 25 is repeated from Chapter 2, to show the distance map between the CAD model and the
photogrammetry data set. This distance map is imported from CloudCompare. We use the point-
cloud to point-cloud distance computation method [124], where the Euclidean distance is estimated

using the 'nearest neighbor' approach [123].

This distance map includes noise from the 3D SfM reconstruction of the point cloud,
surface imperfections and texture, and geometry variations from the CAD model. We use this
distance map to estimate an upper bound on the standard deviation of noise in the 3D reconstructed
point cloud. This is a generous overestimation, as we are not discounting the distance map

contributions from surface imperfections and manufacturing defects.



C2M signed distances

1.500000
1.406250

1.312500

1.218750

1.125000

1.031250

0.937500

0.843750

0.750000

0.656250

0.562500

0.468750

0.375000

0.281250

0.187500

Full Width 00
X 0.000000
Half Max -0.093750
-0.187500

-0.281250

-0.375000

-0.468750

-0.562500

-0.656250

-0.750000

-0.843750

-0.937500

-1.031250

-1.125000

-1.218750

-1.312500

-1.406250
-1.500000 |

Figure 25. The distance map of the photogrammetry data relative to the reference CAD.

4-2-1 POLYWORKS AND FEATURE DETECTION

To study the effect of noise on the measurand, we begin with an analysis using the commercial
PolyWorks software [87] for the position error analysis. PolyWorks inspector is metrology
software that is used to study and analyze 3D data in the industry to "diagnose and prevent
manufacturing assembly issues, guide assembly building through real-time measurements, and
oversee the quality of assembled products by using non-contact point cloud digitizers and single-
point contact-based probing devices" [87]. It is well known in the 3D data community and could
be integrated into our measurement pipeline for the position error estimation step. However, as we

discuss below, there are several disadvantages to PolyWorks: (i) there are noise-dependent biases
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in the measurand, (ii) it cannot be easily applied to complex shapes, and finally (iii) the code is

proprietary and cannot be investigated or modified.

These are the steps followed for the PolyWorks study:

1. The CAD model of the artifact was imported into CloudCompare [31] as a mesh in
'ply' and 'ASCII' format. The mesh was then sampled, and around 1 million 3D points were
extracted from the surface of the mesh cloud.

2. These points were then used as a base onto which random gaussian noise of
different standard deviations is added to each x, y, and z coordinate of each point, as shown in
Figure 26.

3. The post was then chosen as a feature of interest on the artifact plate and displaced
1 mm in the positive x-direction from the reference.

4. The noise was added to the x, y, and z coordinates of every single point on the post
as a random number drawn from a normal distribution with a mean of 0 using MATLAB. Figure

26 shows the point cloud with noise added just to the post.
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C2C absolute distances

Figure 26. Post as the feature of interest with random gaussian noise added to each point.

5. For each noise level, 100 independent posts were created.

6. The global coordinate is then established in the simulated point cloud data by
performing plane, axis, and center point alignment as discussed in Chapter 3, where the center
point acts as the origin, the axis as the x-axis, and the plane alignment establishes the x-y plane.

7. Finally, the feature of interest was detected using feature detection for each of the
100 simulated posts. In our case, the post is detected using cylinder detection in PolyWorks and
the characteristics and position of this cylinder are then compared to the reference. Figure 28 shows
the cylinder detected on one of the post point clouds. Figure 29 shows the nominal (reference)
point cloud and the simulated post data. The displacement between the center of the two cylinders

serves as the measurand here.
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Figure 28. Cylinder detection on the measured point cloud.
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Figure 29. Nominal and measured data for cylinder detection.

Figure 30 shows a distance map relative to the whole point cloud for the case of zero
position deviation of the post. The noise on the cylinder is visible with colored points. The plate
and other features show a distance of zero relative to the data set, unlike the cylinder which has
the added noise.

These steps are repeated for each of the 100 simulated measurements of the post. The
mean and standard deviation is calculated from the set of 100 measurand estimates and the results
are plotted in Figure 31. The data points in the graph are the mean at each noise level, and the error
bars are the standard deviation. The actual value of the measurand is 1mm, and the mean of the

estimated data falls below this value.
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Figure 30. The distance map of the reference relative to the measured point cloud.
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The measurand here is estimated from PolyWorks’ cylinder fit to the point cloud of the

post which we expect works differently from our approach using ICP discussed in the previous
chapter. The standard deviation of the measurand increases with the noise level, as expected.
However, we see a bias in the measurand on the micrometer-scale that increases with the noise
level. The details of the PolyWorks feature detection algorithm are unknown aside from the general
description that the feature of interest is selected from the CAD model and then the software
searches for this feature in the nearest cluster of points, trying to fit this model (cylinder) onto the
point cloud data. Because the algorithm is proprietary, all we can do is speculate that perhaps the
convergence threshold is on the micrometer scale and the optimization algorithm stops
prematurely or gets stuck in a local minimum as it moves the reference closer the data point cloud,
always stopping at a position closer than the actual best-fit position. Even though the bias is small,
not knowing the cause of the bias precludes an understanding of how the bias will track with
component geometry, component size scale, point cloud densities, etc. This unknown, in addition
to the difficulty of using PolyWorks for general complex components, motivated the use of ICP

for the position error estimation instead.

4-2-2 ICP REGISTRATION UNCERTAINTY STUDIES

We performed a similar Monte Carlo simulation in MATLAB using ICP for the position error
estimate instead. The same steps are followed as outlined in the previous section with random
Gaussian noise added to the x, y, and z coordinates for each point in the point cloud over a range
of noise levels. The noise level range was significantly increased for this study to capture the
large-scale trends. The distance between the reference post and the simulated posts with noise was
fixed at 1 mm. The ICP algorithm was used to register the two-point clouds together for each of

the 100 data sets at each noise level considered. The results are shown in Figure 32. To graph
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these results (and compare to a study discussed in the following section) the graph shows the mean

and standard deviation (error bars) of the 100 measurand estimates at each noise level as a function
of the noise level of the center of mass (the geometric center) of the post. For a given noise level
on the x, y, and z coordinates with standard deviation g, for every point making up the cylinder
(e.g. 10,000 points), the noise level on the geometric center of the post is significantly lower. The
geometric center of the post is an average of the n points in the post point cloud and therefore the
uncertainty on the center is approximately o, = oy, /A/n. The greater the number of points, the

smaller the uncertainty in the coordinates of the center. This must be kept in mind when comparing

the PolyWorks and Matlab studies.

Graph of the approximate central nolgo std vs the estimated dl_lplmnt

§2,2’ 1
};
g 7
v
- 4
§1.8
K ’
g
3 L
21.6
'é_ 1.4
|

Z
8 1.2
[~ |
3 ’
e
s 15 |
o
(=]

0 0.1 0.2 03 04 05 06 0.7 0.8 0.9 1

Estimate of the point of standard deviation of noise added to the center of mass of
the point cloud / mm

Figure 32. Investigating the effect of noise on the center of mass of the point cloud on the measurand

calculated using 100 ICP runs for each noise level. The x-axis represents an estimated standard deviation
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of noise added to the center of mass of the point cloud and the y-axis shows the mean displacement

between the two posts.

To compare these results to the worse-case noise level for the experiment with g,~0.4 mm
(estimated from Figure 25), for the 10,000 points making up the post, that would mean
0.,~0.04 mm. At that noise level in the graph in Figure 32, the simulation shows a bias of ~
0.03 mm. The small 0.03 mm bias at the low noise levels that is less than 1 mm can be reduced
using a lower ICP convergence threshold than the default parameter and by down-sampling the
noisy or measured data set compared to the reference. We explore these issues in Section 4-4. The
bias larger than 1 mm that is progressively larger with increasing noise levels is due to the Raleigh
statistics in the large noise limit of a measurand like a displacement that cannot be negative. This

is discussed in the following section.
4-3 STATISTICAL DISTRIBUTION OF NOISE

To better understand the presence of the bias in the large noise limit, we study the research
presented by Morse and Voelcker [121]. The article goes over the assumption that gaussian
statistics can be used for some dimensional data and argues for using Rayleigh statistics for data
where the measurement value approaches the noise level. It proves the method's validity by
exploring the position tolerance of a punched hole. The probability of having the estimated position

measurand value r is given by

_ (r?+42)
202

P(r) = ———I,(rA/o?)

forr=>0,
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where A is the actual position error of the punched hole. The variable I, is the zeroth order Bessel

function of the first kind. The variable ¢ is the gaussian standard deviation.
We follow this Rayleigh statistical distribution of the measurand around the actual value
(A) with noise in the experimental data presented by g, which is the Rayleigh standard deviation.

The variance can be related to o, the normal standard deviation, by the formula below.

o5 =a? (2 —g)

The distribution approaches a normal (gaussian) distribution when the noise becomes
significantly smaller than the offset value.

This can be illustrated with a simulation. The distance between two points in 2D space was
calculated. Some 10,000 points were simulated, and random noise of a standard deviation of
0.3mm was added to one of the points. Three such experiments were done where the true distance

(offset) between the points was changed. Figure 33 shows the basic principle.
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Figure 33. The basic principle of the statistical distribution simulations.

Figure 34 shows the distribution where there was no offset between the two points, and the
distance was calculated. The results show a clear bias where A is the actual value of the measurand,
and A' (the mean of the distribution) is the apparent value.

Figure 35 shows the histograms for an offset of 1 mm. Increasing the offset such that the
actual position deviation is much larger than the noise in the dataset gives a more normal (gaussian)

distribution, with A and A' converging.
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Figure 34. Histogram of 0 offsets between the points, the x axis shows the distance between the reference

and simulated noisy points in millimeter and the y axes shows the number of points in each distribution.

Displacement

AI

350 T T

300

250

200

150

100

50

Figure 35. Histogram of 1 mm offset between the two points. The red vertical line shows the actual

displacement, as seen the mean of the distribution falls on the red line.



66
For our application, the random noise due to the photogrammetry 3D reconstruction step

stays well below 0.3mm, and it is safe to assume the effect of this bias is not significant as we
reach a more Gaussian distribution. Removing this bias for applications where the noise levels are
comparable to the displacement becomes a necessary step.

Our target goal is to measure the position displacement values of 1mm and higher; for this,
we can go up to 0.3mm of noise on each point in the point cloud for the Rayleigh bias to not

significantly affect the uncertainty in our measurand.
4-4 IMPROVING ICP-BASED REGISTRATION RESULTS
4-4-1 DOWN-SAMPLING

Apart from the noise present in the 3D reconstructed point clouds, uncertainty in the measurement
can also be attributed to the ICP registration method we are using for our application. To explore

this further, we performed simulations using two-point clouds with no noise.

The point cloud of a cylindrical post was used to investigate this. We tried different
combinations of point cloud densities to see how this affects the final measurand value. Table 2
shows the different combinations.

Figures 36 (a) — (d) show the results of these simulations. Figure 36 (a) has both dense
point clouds for reference and the moving point cloud. This gives a reasonable estimation of the
measurand for the case of no noise. However, it takes much longer to perform the registration.
Using a sparser point cloud for the moving data set solves this problem, as shown in Figures 36
(c) and (d). The graph in (d) has more uncertainty present in the result than the case for (c),
implying an optimal ratio between the dense and sparse point clouds represented by the conditions

used in (c).



Table 2: Different densities of point cloud registration simulations.

Simulation

Number of points in the
reference point cloud

Number of points in the
moving point cloud

240,965 240,965

24,099 24,099

240,965 24,099
(c)

240,965 2,411

(d)

67
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Figure 36 (a) Results of ICP registration for 500 data sets, the noise is kept to zero and the density ratio of
reference and measured simulated data set is kept as Table 2 (a), with two dense point clouds. In the
graph, the actual displacement vs. the estimated displacement is plotted.
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Figure 36 (b) Results of ICP registration for 500 data sets, the noise is kept to zero and the density ratio of
reference and measured simulated data set is kept as Table 2 (b), with two sparse point clouds. The graph
of the actual displacement vs. the estimated displacement is plotted.
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Figure 36 (c) Results of ICP registration for 500 data sets, the noise is kept to zero and the density ratio of
reference and measured simulated data set is kept as Table 2 (c), with one sparse and one dense point
cloud. The graph of the actual displacement vs. the estimated displacement is plotted.
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Figure 36 (d) Results of ICP registration for 500 data sets, the noise is kept to zero and the density ratio of
reference and measured simulated data set is kept as Table 2 (d), with two sparse point clouds. The graph
of the actual displacement vs. the estimated displacement is plotted.

4-4-2 ICP CONVERGENCE THRESHOLD

The iterative closest point (ICP) algorithm works iteratively by minimizing the distance between
the two sets of point clouds. It converges when the maximum number of iterations has been

reached or when the absolute difference in translation and rotation of the point clouds estimated in
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the last three consecutive iterations reaches a certain threshold. ICP uses two thresholds, the

distance translation vectors and the angular difference in degrees.

We take the conditions explored in Section 4-4-1 and Figure 36 (c) as an example of the
default threshold, which was kept at a distance threshold of 0.0lmm and an angular threshold of
0.05 degrees. The iterations stop well before the maximum number of iterations (20) is reached,
as shown in Figure 37. This was done for the case of Imm displacement and point cloud densities

of Figure 36(c¢), i.e., reference posts of 240,965 and 24,099 points.
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Figure 37. In the graph to investigate the convergence condition of the ICP algorithm, the

threshold for distance is set to 0.001mm.
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Figure 38 is a graph of distance estimation using ICP for varying distance thresholds. As

expected, ICP stops the iterations and converges to a biased value on the same scale as the
threshold value itself. We repeated the optimal sampling conditions in Figure 36 (c) with 0.0001
mm for the ICP distance threshold and 0.0001 degrees for the angular threshold and the results
are shown in Figure 39. As expected ICP converges at positions biased from the true position

error on the order of 0.1 um, the same order as the distance threshold setting.
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Figure 38. Effect of changing the ICP distance threshold on the measurand for a position displacement of
1 mm.
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Figure 39. Estimating the difference between the actual and estimated post position using ICP, low
threshold levels of 0.0001 for distance and angular tolerance.

4-5 SUMMARY

In this chapter, we explored limiting factors for our position displacement calculations of the post
and how they affect our application. The target position errors (in assembly line on the component
of interest, e.g., post in our case) that we want to measure are 1 mm and higher with an uncertainty

of, ideally on the order of 0.1 mm.

For no random noise and optimizing the ICP parameters by using low ICP thresholds and
optimal point cloud densities of the reference and the measured data set, the bias in estimated
position errors can be reduced far below our uncertainty goal of 0.1 mm. For example, a
displacement of 1 mm of the post (of radius 8mm, containing around 240,000 points in the
reference and 24,000 points in the measured data set), the measurand is shown to have a mean

bias of 0.2 um due to the distance threshold parameter setting of 0.1 um
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We also studied the effect of the Rayleigh bias. The target measurand values for us are 1

mm and higher. As shown in this chapter, for a noise level of 0.3 mm on the geometric center
coordinate of the post, the Rayleigh bias will not impact position error measurands of 1 mm and
higher. For example, a 10,000-point cloud measurement of a post with a 0.3 mm noise level on the
geometric center coordinates translates to a 30 mm noise level on each point, which is well above
experimental noise levels. However, for position errors lower than this, the effect of the Rayleigh
bias cannot be ignored.

With regards to point-wise random noise, for a noise level of 0.4 mm which is much higher
than that present in our photogrammetry data, as discussed in Section 4-2 and shown in Figure 32,
leads to an uncertainty in the measurand below 0.1 mm even with non-optimal ICP parameter
conditions.

The investigations in this chapter show that the measurement variation on the scale of
several tenths of a millimeter observed with the experimental data discussed in Chapter 3 cannot
be explained by point-wise random noise, data sampling conditions, or ICP parameter choices.
The experimental variation discussed in Chapter 3 is most likely due to the actual component shape
compared to the CAD model, surface imperfections, noise due to photogrammetry processes.
Errors due to manufacturing defects are application specific and will depend on the manufacturing
tolerances set on the components themselves. Noise added on the 3D points due to SftM
reconstruction is complex to analyze. Different steps, such as sparse and dense reconstruction and
image feature detection techniques, contribute to noise and distortions in the point cloud. More

work is needed to estimate a comprehensive combined uncertainty.
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CHAPTER 5 AUGMENTED REALITY AND VISUALIZATION IN METROLOGY

5-1 INTRODUCTION

Mixed reality encompasses both augmented reality and virtual reality. Augmented reality (AR)
adds to the real-world scene by overlaying virtual objects on top of the user's visual environment
[96], allowing the user to manipulate and interact with the real-world environment [97]. In
comparison, virtual reality [VR] immerses the user in a virtual environment where the real world
doesn't exist. Examples of pure VR applications would be VR games and virtual tour guides. A
famous example of an AR application would be the Pokémon game, where users used their cell

phones to locate and capture different virtual objects overlayed on the live videos on the cell phone.

The term augmented reality was coined in the 1990s. The term was developed by scientists
at Boeing corporation when they invented an AR system to assist workers in wiring their harnesses
[92].

This chapter goes over our use of AR in assembly quality inspection in industry
and the conventional alternatives. We present a prototype model and application created for this
purpose and demonstrate it on our artifact.

5-2 VISUALIZATION METHODS IN THE INDUSTRY

This section covers the scientific literature and augmented reality applications in the
manufacturing industry. With the advent of smartphones and tablets with built-in cameras and

processing units, AR is becoming increasingly popular in modern-day manufacturing industries.
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5-2-1 TRADITIONAL METHODS OF VISUAL INSPECTION

Traditionally data acquired from the quality check process, where quantitative analysis is done, is
in the form of tables and figures. Commercial software such as GOM Inspect [122] and PolyWorks
are increasingly utilized. The evaluation of the data is done with an inspector looking over the

data table and locating the error region.

Additionally, commercial software often offers distance maps (color maps indicating areas
of high deviations) and values of geometric dimensioning and tolerancing (GD&T) displayed on
a computer screen during inspection. The use of AR to overlay the quantitative inspection
information onto a live video stream streamlines the human interface, improving efficiency by

directly visually connecting the information to the physical location on the part.

5-2-2 AUGMENTED REALITY APPLICATIONS IN INDUSTRY

The term 'Industrial Augmented Reality' was coined by Georgel [94] to describe the use of AR in
industrial manufacturing, design, inspection (assembly and maintenance), and training

applications.

The application of AR in industry ranges from maintenance apps and training modules to
product design [88]. In 1968 Ivan Sutherland and his students created the first VR and AR head-
mounted system [90]. The system was primitive and heavy but paved the way for future AR and
VR applications. With the invention of mobile technology from the 1970s onwards, small
computers could now be worn all the time.

There are three ways to use augmented reality. The first one employs a video-see-through
technology where AR is displayed on a live video feed or digitized images. Another way is to use

an optical system that displays AR information through mirrors and lenses in a head-mounted
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display. The third way is to overlay the virtual information onto the real world using projective

technology. This third option is a new field of research and works like plasma technology and is
underway [93].

Among these, video see-through technology is the most convenient, flexible, and cost-
effective to construct. The video is already digitized, so overlaying AR information is
straightforward, and data and objects can be added and taken out when needed. Similarly, the
contrast and color of the overlayed virtual information can be adjusted to match or contrast that of
the video feed, whichever is desirable.

However, video feed AR technology also offers some disadvantages, such as low
resolution of the video feed itself and the fixed focus condition in most video feed imaging systems
like a cell phone or tablet PC. This contrasts with head-mounted display technology where the
focus can be adjusted [88]. Nevertheless, for our applications and in keeping with the view to
make the technology accessible and cost-effective, we are creating a video-feed AR technology in
the form of an app for mobile technology.

Thanks to the advent of open source and freeware software and app toolkits, AR
applications have seen a big boom. Advanced camera systems have allowed us to accurately
predict the position of objects in real-time, making AR technology much easier to develop.

There are several applications for manufacturing that currently use video feed AR
technology. For example, industrial maintenance applications for AR exist. Maintenance
processes are performed by trained personnel and an AR interface is used to organize the steps
into tasks to establish uniform and thorough procedures to aid maintenance processes. Vignali [95]
explains one such application where the AR application mainly supports the maintenance

inspector.
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Video feed AR applications like FARO [14] are used to visually inspect the industrial

environment, such as a production plant or an automotive car, to perform a quality inspection.
However, this application only provides a visual qualitative assessment and leaves the decision up
to the user on whether the object passes the quality check or not.

5-3 AR-BASED PROTOTYPE MODEL FOR ASSEMBLY

This section presents the last step to our overall quantitative inspection prototype model. This step
imports the component's position error information retrieved from the previous steps in the pipeline
and then effectively displays this quantitative information to the user. This display step is the use
of AR to overlay the position error estimates of components failing inspection along with the 3D
CAD model of the component at the design location in real-time on a live video feed of the part.
We utilize Vuforia [28] in conjunction with Unity [29] to create this application and the details are
described in the following sections. Guide views are made using the CAD model. The guide views
are used to search the live video feed for the part in the real world. Once the part matching the
guide view is identified in the live video feed, the CAD model of the component(s) (features of
interest) for which the position error has been measured (e.g., a post) is placed in the live feed of
the scene beside the real-world post in the scene. A label is added to the live feed to display the

measured positioning error.

5-3-1 COMPUTATIONAL TOOLS AND ARCHITECTURE

We utilize Unity and Vuforia to make this prototype application. Unity is a famous game engine,
offering an innovative platform for creating augmented reality applications. The Vuforia library is
used in conjugation with unity. When combined with computer vision techniques, an augmented

reality software development kit (SDK) can be used to create a complete the AR application.
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5-3-1-1 MODEL TARGET GENERATOR

The first step is to create the guide view that is used to search the live video feed for the part in the
real world. This is done by using a model target generator to create an object tracking class. The
object tracking class for the real-world model target tracking for our application is generated using
the CAD model of our system (shown in Figure 40). Figure 41 shows the guide view created from
this model target using the target model generator in Vuforia. Using a phone camera or tablet, this
guide view is then used to locate and track the object in the live video feed in the real world. The

guide view should contain unique features to distinguish the object in the real-world environment.

Figure 40. CAD model of the artifact used to create the object view class.
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Figure 41. Guide views created from the CAD model at different angles.

We created two guide views, one of the whole artifact and the second of just one block on
the plate as a component of interest (Figure 42). The goal was to test the level of complexity

needed in the guide view to locate the part in the live video feed.

L

viewpoint_0001 ) ¢ M

Figure 42. Guide views created from the CAD model of the block
5-3-1-2 DETECTION IN LIVE VIDEO FEED

First, we show the results with the full artifact as the guide view (Figure 41) used for the model
target tracking. Figure 43 shows a screenshot of a live feed, where the model target is being used
to detect the object in the real environment. Once the guide view matching successfully locates the

object in the live video feed, the guide view locks onto and overlays onto the part in the live video
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feed and tracks the part as the camera moves around. Once the part has been identified in the video

feed, the AR information can then be added to the scene.

Figure 44 shows a screenshot of the demonstration after the object is detected. In this
demonstration, individual 3D CAD components were overlayed in color onto the part in the AR
environment, as shown in the screenshot. Position error information can then be added to the AR
scene next to the components failing inspection. The square nut with the CAD model in red

tllustrates how this would be done.

Figure 43. The guide view detects the object in a live video feed.
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Figure 44. In augmented reality application demonstration, the individual parts are displayed on the

screen after object detection, and any potential defects are highlighted.

The AR information can be added to the live video feed once the guide view is successfully
located in the live video feed and this depends on the complexity of the guide view — the more
complex and unique the guide view, the better. Testing the process using only one component, a
block, as the guide view failed because this guide view was not complex and unique enough.
Figure 45 shows the block (with insufficient unique features) failing to be detected in the real-

world environment.
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Figure 45. Guide view of the block as seen in the video feed. It cannot detect the block on the plate

successfully due to a lack of unique feature identifiers.

This AR application was created in Unity, the cross-engine platform in conjunction with
Vuforia, the AR library, to effectively detect the object of interest in a real time video feed, keep
tracking it as the object moves and overlay the relevant information on the screen. The model
target generator feature of Vuforia library was used to create a guide view to detect our model in
the real world. This is where we utilized our CAD model, to create the guide view with the relevant
features. Adding photogrammetry with AR provides a both quantitative and visual feedback to the

user performing quality inspection.
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CHAPTER 6 CONCLUSIONS AND FUTURE WORK

6-1 CONCLUSIONS

In this dissertation, we explored an economical pipeline for large-scale quality inspection in the
industrial assembly line environment. The demonstration showed that position errors for
components welded onto a steel plate can be estimated at a sub-millimeter level for the artifact
studied. An augmented reality (AR) interface then visually displays the position errors for the user
on a live video feed of the artifact. The position error measurement is based on acquisition of a 3D
point cloud of the assembled system using photogrammetry with images taken with a cell phone
and processed with open-source libraries. The position error estimate step was completed with the
ICP algorithm for coordinate system definition, coordinate system registration, and finally to
estimate individual positional assembly errors of the feature of interest relative to the CAD model.
Using a point cloud registration approach like ICP offers more flexibility than object detection
(e.g., cylinder detection), allowing us to calculate the position of complex objects and free-form
bodies. Augmented reality was effectively employed to create an application to display the relevant

information for the user using a smartphone camera or tablet.

Although not as accurate as commercial CMMs or laser scanners, the methodology
presented is cost-effective and easily accessible for quality inspection in large-scale assembly
application where measurement goals on the scale of 1/10° are adequate. Furthermore, since the
only on-site equipment needed is a camera, the quality inspection can be easily performed in areas
where CMMs and commercial-grade laser trackers are cost-prohibitive or not practical. The
proposed pipeline compromises uncertainty by providing a cost-effective and user-friendly

system.
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We demonstrated a position error measurement. The exact process can easily be modified

to estimate other assembly error measurands like angle deviations. Furthermore, alternating forms
of point cloud comparison processes can be explored to study shape defects, particularly object
detection, where the geometrical shape of the point cloud is used to align features instead of
distance minimization as done in ICP.

The AR component of the project helps the user visualize and locate problem areas. In an
industry where assembly quality inspection is often done visually, this pipeline offers a
quantitative avenue without compromising the visual aspect for the user.

Uncertainty studies based on random noise on a simulated photogrammetry data set were
also performed. Commercial software (PolyWorks) was tested to evaluate the location of a post
with added noise through simulation. PolyWorks reported position information for the post with
a bias of 0.006 mm for noise as high as 0.5 mm on each point. While this bias is very small
compared to assembly tolerances in many applications, the proprietary ‘black box’ nature of
PolyWorks and other commercial software makes it impossible to project general uncertainty
limits, to modify the code, and to apply to general complex shapes. The ICP-based approach can
be used on general point clouds irrespective of shape and is an open-source algorithm that can be
evaluated and modified.

We analyzed three primary contribution sources to the uncertainty in our measurand. First
was the noise and possible bias acquired in the 3D reconstruction process. The second is shape
differences between the actual components compared to their CAD model, and the third is
contributions from data processing choices.

The discussions in Chapter 3 found that the photogrammetry reconstruction process and

the shape deviations of the component compared to the CAD model were the limiting factors to
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our uncertainty studies, limiting the ability to estimate a position error of a 40mm high, 16mm

diameter post component to better than a fraction of a millimeter.

Chapter 4 focused on the effect of random noise and point cloud density on the registration
process employed to find the position deviation between the two-point clouds. We demonstrated
the ideal down sampling ratio of the two-point clouds for our photogrammetry dataset and
application. The effect of random noise was studied in detail and at large noise levels it was found
that a Rayleigh bias is present, our application was not affected by this bias as the noise levels in
the photogrammetry data set were low. In the last chapter an AR application was created to detect
and display this positional quality inspection information on a screen, using a cell phone device.
The CAD model was used to create a guide view for our application to detect the object in real
time and an object tracking class from Vuforia was used to create a footprint of the coordinates as

the camera moved.

6-1 FUTURE WORK

A skeletal architecture from start to finish was implemented, and its validity for measurements of
millimeter-scale position errors for a sub-meter scale steel assembly was demonstrated. Much of

the future work resides in improving the individual steps in the pipeline.

To improve the initial 3D reconstruction, images in different lighting conditions must be
explored. Furthermore, the number of images and their orientations have been shown to affect the
final 3D reconstruction. A controlled experiment with different quantities of images can be

performed to see the impact on noise in the final 3D reconstruction.
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Due to worker negligence or specific environmental conditions, best practices in data

acquisition might not be possible. One avenue to explore is the use of machine learning to fill in
the missing point cloud data using information from CAD.

In the measurand estimation process, we explored the effect of down-sampling the
measured point cloud data using a voxel grid and random sampling. Exploring other down-
sampling techniques, such as adaptive hierarchical down-sampling [125], which uses a neural
network approach, can be performed to customize the down-sampling process according to the
'importance’ of each point.

We performed simulations to see the limiting factors on the uncertainty present in the final
measurand. Work is still needed to investigate the photogrammetry-based spatial bias in the 3D
reconstruction and surface roughness-based deviations. Comparing the photogrammetry
reconstructed point cloud with CMM measurements will give a better insight into the
reconstruction process's noise contribution. The study analyzed position errors of an 16 mm
diameter post with sub-millimeter variations due to the reconstructed point cloud's shape, texture,
and noise. More work is required to estimate a comprehensive combined uncertainty, which will
depend on the component shape, surface texture, the number and quality of images used for
photogrammetry, and photogrammetry reconstruction algorithms for both the sparse and the dense
point cloud reconstructions.

Furthermore, in some applications, the position tolerance might call for much lower
measurement uncertainty and drive the measurement to the limit where noise in the actual position
estimate is on the order of the position error itself. In this limit, a significant bias is present in the
measurement result and would need to be removed and a final uncertainty estimated. This limit

and the bias was studied in Chapter 4.
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The field of AR is ever evolving, and studies can be done to assess the best ways for visual

information to be displayed to the user in an AR application. So far, our AR application displays
the required data, but further work can be done for repair and maintenance protocols to be issued

to the user once a quality defect has been identified.
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