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ABSTRACT

DEVELOP RAPID 3D SURFACE MEASUREMENT

SYSTEMS FOR QUALITY INSPECTION IN THE

MANUFACTURING INDUSTRY

By

Quan Shi

A general framework of automated dimensional inspection systems for the manu-

facturing industry is introduced in this dissertation. 3D surface inspection is a process

to evaluate the quality of a part’s 3D shape. A traditional inspection system usually

uses a contact-based Coordinate Measurement Machine(CMM) to acquire the 3D co-

ordinates of a single point by touching a part surface one at a time. A point cloud,

used to represent a part’s 3D shape, usually contains thousands of points measured

by sequentially touching the part surface. The deviation between the designed shape

and the measured point cloud forms an error map, which uses a color schematic rep-

resentation to visualize the distribution of manufacturing errors over the entire part

surface. Surface dimensional measurement using a CMM is time consuming. Be-

sides, the contact-based measurement strategy limits applications to only rigid part

surfaces. A soft part surface usually may not be inspected by a CMM. In another

aspect, when surfaces are coated with special material, the contact-based measure-

ment method may not be allowed because an unpredictable movement or force from a

CMM’S probe may scratch the surface. According to the above limitations of a CMM,

a rapid non-contact surface measurement system is necessary to the manufacturing

industry. Vision-based automated dimensional inspection systems, with advanced

computing technologies, can dramatically improve the inspection efficiency.

In this dissertation, two novel optical area sensing systems are developed for 3D

shape inspection of lambertian surfaces and reflective surfaces. According to surface



reflection property, a triangle-based area sensor is developed for measuring lambertian

surfaces, and a back-imaging system is developed for measuring reflective surfaces. A

feedback scheme is developed to improve the measurement quality. A CAD-guided

robot area sensor planner is developed to estimate the viewing pose of a 3D sensing

device relative to the part surface. By controlling the viewing position and orientation,

the quality of the measured point clouds can be optimized for error map generation.

The feedback approach is also applied in the back-imaging system for measurement

optimization. The developed back-imaging system is an innovative technology for

automated dimensional inspection of automotive glasses.
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CHAPTER 1

Introduction

This chapter presents an overview of this thesis as well as its motivations, objectives,

and challenges. The organization of this thesis is provided at the end of this chapter.

1 . 1 Motivations

Since the 2lst century, vision-based 3D sensing technology had become a revolution

to manufacturing industries. The 3D shape of a part, usually modeled using geometry

primitives such as points, lines, curves, and surfaces, can now be modeled by a set

of points, named a point cloud, which makes two research areas: reverse engineering

and rapid dimensional inspection. A variety of commercialized 3D sensors had been

developed and utilized in many applications. However, two problems are recently

discussed that limited further applications of this technology: first, an automated

or semiautomated 3D measurement system is necessary in certain manufacturing

industries such as automotive manufacturing. Second, as still the major challenge of

this new technology, there lacks of a vision-based 3D method to measure a reflective

surface, for example, an automotive glass. The current methodologies and 3D sensors

can only measure lambertian surfaces, which diffuse lights to all directions. Methods

and devices for measuring lambertian surfaces has been proved cannot be used for



reflective surface measurement. Aiming to this industrial requirement, this thesis

is trying to develop effective methods, practicable devices, and reliable systems for

quality inspection of both lambertian surfaces and reflective surfaces.

1.2 Background and Literature Review

1.2.1 Automated Visual Inspection Systems

Inspection is the process of determining if a product deviates from a given set of

specifications [1]. In the manufacturing industry, inspection needs the measurement

of part features such as assembly integrity, surface finish, and more general, geometric

dimensions.

In industrial plants, inspection is usually performed in two different ways: 100%

inspection and batch inspection. 100% inspection means every product need to be

inspected, whereas batch inspection means only a set of samples will be inspected.

In both type of inspection systems, the human inspector is sometime not reliable

because of the inconsistency or fatigue.

A CMM is a traditional system commonly used for dimensional inspection. A

probe is used to touch part surface and obtain the coordinates of points. Though

the accuracy of a CMM can reach 0.0001”, the measurement capability is limited by

its contact-based measurement principle. Besides, the point-by-point measurement

process makes a CMM not feasible for 100% inspection of many manufacturing parts.

Machine vision has been widely used for quality inspection in today’s manufac-

turing industry. Machine vision is concerned with the theory and technology for

building artificial systems that obtain information from images or multi—dimensional

data. The acquisition of an image consists of a bi-dimensional digitalization of the

observed scene. The amount of light recorded by the sensor from a certain scene point

depends on the type of lighting, the reflection characteristics and orientation of the



surface being imaged, and the location and spectral sensitivity of the sensor. With the

growing capability of computers, machine vision brings more and more intelligence

and automation to manufacturing industry.

Automated visual inspection (AVI) systems provide significant advantages over

human inspection from fatigue, throughput, time, and accuracy. The advances in cost,

performance, and design methodologies have resulted in an explosion of application

areas, where AVI systems have become an integral component of quality control

schemes in product inspection and certification. Generally, AVI systems represent a

quantitative feedback node to identify and eliminate problems at various stages in

the production process.

Though many 2D image—based machine vision system have been successfully im-

plemented in various applications, 3D surface dimensional inspection is still a problem

opening for a proper solution. 3D imaging technology, since the 19703, has received

much concern in developing a vision-based automated dimensional inspection system.

In this thesis research, methods for 3D freeform surface inspection are discussed and

two novel measurement systems are presented for measuring both lambertian and

reflective surfaces.

1.2.2 3D Imaging on Lambertian and Reflective Surfaces

A. Review of 3D imaging technology

The problem of retrieving 3D information from an object by vision has a long

history. Basically, existing techniques can be separated into two groups, contact and

non-contact techniques. The use of contact techniques has been limited due to the

problems involved in touching the surface of an object. Objects can be deformed

during this operation, producing dimensional errors on the estimation of the shape.

This group of techniques can be divided into destructive techniques, like slicing, or

non-destructive techniques, such as the articulated arms of industrial robots and



CMMs.

Non-contact techniques have certain advantages. Shape can be measured in the

presence of delicate objects, hot environments, deformable objects, big scenes, etc.

This group of techniques usually has two categories: transmissive and reflective tech-

niques.

Tiansmissive techniques are based on computer tomography. This method, based

in X—rays, is widely used in medical imaging. Other transmissive scanners are based

on time—of-flight lasers, which compute the distance to a surface by the round—trip

time of a pulse of light. A laser is used to emit a pulse of light and the time that

passes before the reflected light is seen by a detector is counted. Since the speed of

light is already known, the round-trip time determines the travel distance of the light,

which is twice of the distance between the scanner and the surface. This kind of range

finder is used in large object measurement such as airborne dimension acquisition.

Reflective techniques can be classified into optical and non-optical. Non-optical

techniques such as sonar or microwave radars are mainly used in robotics. In addition,

optical techniques can be divided into two types, active sensors and passive sensors.

Active sensors emit some kind of radiation and detect its reflection to probe the

presence of an object or environment. The possible types of radiation used include

Digital Light Projectors (DLP), laser triangulation and interferometry.

Passive scanners do not emit any kind of radiation themselves, but instead rely on

detecting the radiation reflected by objects. Most scanners of this type detect visible

light because it is readily available ambient radiation. Other types of radiation, such

as infrared, could also be used. Passive methods can be very cheap because in most

cases they do not need special hardware. Most common examples are shape-from-X,

where X represents the method used to determine the shape, that is motion, stereo,

shading, silhouette and texture, among others. All these techniques are based on the

use of several images of the object/scene, and are known as multiple-view geometry.



Although the term 3D imaging in machine vision is first appeared in 19703, the

origin of this modern technique is attributed to the introduction of epi-polar geometry

by Longuet-Higgins, 1981[2]. Epi-polar geometry has been studied in the last decades,

producing a wealth of knowledge in this field, and has been extensively used in camera

calibration, 3D acquisition and correspondence problem simplification.

Despite multi-view geometry being widely used in computer vision, it presents

some drawbacks when it is used in 3D imaging. The first problem is the correspon-

dence problem. In other words, determining relationships from pixels of different

views is not a trivial step. The second important problem is the resolution of the

acquisition. These techniques usually work with a small number of points, so that

dense reconstructions are diflicult to obtain.

In order to overcome both drawbacks, active sensors are commonly used when

dense reconstructions are required. Based on laser or coded structured light, several

commercial sensors are available nowadays. This kind of sensor is basically used to get

3D models of objects or scenes. However, modeling is not only a three-dimensional

acquisition of the object/scene but a complex problem composed of several steps:

First, some techniques can be applied to determine the best position of the camera

with the aim of reducing the number of views of a given object/scene. Sometimes, it

is also used to acquire images from incomplete objects or scenes, especially in map

building [3] [4] Second, 3D acquisition involves obtaining the object/scene structure

or depth, which can basically be delivered into two different representations known

as range images or point clouds: a range image is a bi-dimensional representation of

the object/scene, where the intensity of each pixel of the image is directly related to

the depth. A point cloud is simply a set of 3D points digitized from the measured

surface.

B. Review of 3D Scanners

According to projector light source, 3D scanners can be divided into two cat-



egories: laser line scanners and white light area scanners. A laser line scanner is

usually more robust to intensity noises. A laser line scanners can have small size and

less weight to be able to mount on a multi-joint equipment, such as a robot arm or

a CMM. 3D laser line scanners have been widely used in reverse engineering. How-

ever, for quality inspection, accuracy of a laser scanner is often limited by the field

of view, point density, and sensor resolution etc. White light based area sensors have

shown better performance than laser line scanners for quality inspections. However,

most white light area sensors is usually bulky and heavy to be mounted on a motion

platform. A proper white light area scanner is essential to an automated dimensional

inspection system.

A white light area sensor usually contains two parts, a projector and a camera: The

projector is used to put a set of encoded patterns on part surfaces such that the camera

can decode those patterns for acquisition of 3D part shape. The encoded pattern

affects all of the measurement performance such accuracy, precision, and point density

etc. Many different codification strategies have been developed [5, 6, 7, 8, 9, 10], which

can be mainly categorized as time-multiplexing, spatial neighborhood coding, and De

Bruijn sequence. At present, Gray Code and Phase Shifting (GCPS) method is widely

used for white light area sensors [11]. However, the sinusoid wave used in the GCPS

method is not robust to intensity noises, which causes measurement errors in point

clouds. Gray Code and Line Shifting (GCLS) method, developed in this thesis, using

a square wave to form the projection pattern, shows better measurement performance.

Calibration of a 3D sensor is necessary to obtain satisfied measurement qual-

ity. Trobina [12] developed an error model of an area sensor, in which the sensor

model was developed using perspective geometry and a maximum likelihood estima-

tion method. To calibrate lens distortion of an area sensor, a multiple-plane method

was proposed in [13]. Because an area sensor is usually made by a camera and a

projector, it is considered to be calibrated simultaneously. A relative error model



[14] was developed for calibration of an area sensor. In [15], a self-calibration method

is developed to calibrated an equivalent viewing model for acquiring the 3D surface

shape. According to published documents, a camera Pinhole Model is widely used

for area sensor calibration. Pinhole model is a theoretical lens model that assumes

all incident light is emitted from a single point, the pupil of the projector lens and

all recorded light passes through a single point of the camera lens. Those two pupils

then become two end points of a line, with another point on surface, a triangle can

be generated that is usually called an active triangle. Therefore, the triangulation

model of an area sensor relies on the well calibrated lens so that the pupils of the

camera and the projector are located accurately. Camera calibration is only used to

determine the intrinsic and extrinsic parameters of the camera. For an area sensor,

except parameters of the camera, parameters of the projector and geometry relation-

ship between the camera and projector all need to be calibrated. In this thesis, we

develop a pixel-to-pixel strategy to calibrate our area sensor prototype. Instead of

calibrating a camera and a projector using the pinhole model, we calibrate the active

triangulation model directly based on each pair of corresponding pixels between the

projector and the camera. The pixel-to-pixel strategy strategy significantly simplifies

the calibration tasks, and more important, improves the measurement accuracy.

1.2.3 Planning and Control of an Automated Visual Inspec-

tion System

To many applications in the manufacturing industry, inspection of a large part re-

quires 3D sensors to be configured on different viewpoints for high-accuracy, high-

precision, and high-density reconstruction of a part surface. The process typically

involves planning a set of views, physically altering the relative object-sensor pose,

taking scans, registering the acquired geometric data in a common coordinate frame

of reference, and finally integrating range images into a non-redundant model. Ef-



ficiencies could be achieved by automating or semi-automating this process. While

challenges remain, there are adequate solutions to the scan-register-integ‘rate tasks.

On the other hand, view planning remains an open problem, i.e., the task of finding

a suitably set of sensor poses and configurations for specified reconstruction or in-

spection goals. Besides, if we want to use these 3D data in applications that require

data with a high degree of accuracy like inspection tasks, it is mandatory that the

3D points be acquired under the best conditions of accuracy. Thus we must find and

model the most important parameters affecting the accuracy of the range sensor. An

error model, along with the CAD model of the part, is required to produce a sensing

plan to completely and accurately acquire the geometry of the part. The sensing plan

is comprised of the set of viewpoints that defines the exact position and orientation

of the area sensor relative to the part.

High-quality model building requires view planning for performance-oriented re-

construction, which is defined as model acquisition based on a set of explicit quality

requirements expressed in a model specification. High-quality inspection tasks are

also specification driven. In addition to all-aspect coverage, measurement quality

may be specified in terms of accuracy, precision, sampling density, and other factors

such as processing time. Specified measurement quality may be fixed or variable

over the object surface. Performance-oriented view planning requires suitable models

of both sensor and positioning system performance. These can be combined in an

imaging environment specification. Specifically, it requires the following:

o a 3D sensor model with a description of the sensing geometry and a character-

ization of measurement performance within the calibrated region;

0 a positioning system model describing the degrees of freedom, range of mo—

tion, and positioning performance within the movement envelope. There has

been relatively little work on performance-oriented view planning. Cowan and

Kovesi [16] used a constraint satisfaction approach for sensor location subject



to task requirements which included resolution, focus, field of view, visibility,

View angle, and prohibited regions.

0 Often, the knowledge of environment or the model of the object to be inspected.

For manufacturing inspection, a CAD model is always provided for quality

evaluation. Hence, a CAD-guided area sensor planning system is a general

solution to this type of applications.

A. CAD-guided Process Planning

An industrial robot/CMM can be used to automatically move an area sensor

to multiple viewpoints for measuring a large-scale part surface. For a non-contact

measurement, it is difficult for a human operator to teach robot viewpoints properly

only by observation. A sensor planner can enhance the measurement quality and

efficiency [17, 18, 19]. In 2003, Scott et a1. [20] summarized the automatic methods of

planning a 3D sensor for reverse engineering and vision inspection. Sensor planning

systems usually can be categorized into two groups: model-based and non-model-

based. Non-model-based planning strategies are mainly developed for mobile robots

in object searching and optimized trajectory planning. Model-based sensor planning

methods are more reliable than non-model-based methods because the prior CAD

model embeds fidelity into the planning strategy. In this thesis, the vision-based 3D

shape measurement system is developed for quality inspection. CAD model of the

inspected part is always acquirablc. Hence, model based sensor planning methods are

focused in this chapter.

In [16], Cowan and Kovesi first introduced an automatic vision sensor planning

system, in which task constraints are developed as searching functions such that the

planning problem can be solved as constraint-satisfaction problem. Tarabanis et a1.

[21] first introduced the term: Machine Vision Planner (MVP) system, which inte-

grates the robot vision task constraints with a CAD model and a sensor model. The

MVP task specification includes visibility, field of View, resolution, focus, and image



contrast. Sheng et al. [22] implemented a CAD-Based robot motion planning system

by combining the generate—and-test and the constraint-satisfaction approaches. One

problem in those system is that sensors usually are considered as a single camera, or

equivalent to a single camera model.

For planning an area sensor, the triangulation model of the area sensor model is

very different to a single camera model. Therefore, planning an area sensor becomes a

different problem from planning a camera. To estimate viewpoints of an area sensor,

task constraints for both camera and projector have to be satisfied. Meanwhile,

different planning constraints are applied according to the different types of area

sensors. As the 3D sensing technologies, devices, and systems kept growing in recent

decades, methods of planning of a 3D sensor kept the same pace. An early work was

developed by Pito [23], in which the Next Best View (NBV) strategy does viewpoint

searching for a 3D sensor. Prieto et a1. developed a 3D laser camera and a NURBS

(Non-Uniform Rational B-Splines)-based sensor planner [24], in which viewpoints are

projected on a 2D bitmap such that the occlusion and collision problem can be solved

using a 3D voxel model. For planning a white-light-based area sensor, Chen and Li

[25] developed a model-based sensor planning system by mounting two video cameras

on a PUMA robot. An equivalent sensing mode] couples constraints of both cameras

for the sensor planning issue.

B. Feedback-based Process Control

A qualified point cloud is a group of 3D points that represent the actual 3D

shape of a part surface. This representation has to be accurate, smooth, and com-

plete. “Smooth” means the distance between sampled points (point density) need

to be confined to a small value, and “complete” means that each region of a part

surface needs to have a representation in a point cloud. A qualified point cloud is

essential to an automated dimensional inspection system for surface quality control.

Improving the design of a sensor itself, such as increasing the resolution of a cam-
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era/projector, can reduce measurement uncertainties. In another aspect, a sensor’s

viewing pose, including location and orientation, is also related to measurement accu-

racy [17]. Though a CAD-guided area sensor planner provides optimized viewpoints

according to a priori geometry information of the part, the surface characteristics,

such as color, texture, especially reflection property, makes the measurement per-

formance unpredictable by only CAD data. The obtained point cloud, though not

qualified yet for further data processing, can provide useful geometry shape for esti-

mating another set of viewpoints. Measurement on the updated viewpoints can be

used to improve the measurement accuracy.

In a real measurement, the accuracy of 3D shape measurement is usually not

evenly distributed over a point cloud [17, 26]. It is also unavoidable to have “holes”

[27] appear in measured point clouds, which makes the measured surface incomplete to

use for representing the 3D shape of a part surface. To overcome this problem, online

measurement data can be fed back for estimating new viewpoints. A positional space

(PS) algorithm [28] gave a solution to the NBV problem without any a priori CAD

information. This PS algorithm mainly focuses on measuring all visible surfaces of

an unknown object. In [29], a ray-casting method is developed to incrementally build

a meshed model of a part with unknown shape. Data redundancy was minimized by

reducing the number of viewpoints in algorithm. However, for quality control purpose,

the first criteria of a sensor planner is measurement quality but not the measurement

speed. Although data redundancy increases the computation time, it can also be

used to improve the measurement accuracy. Therefore, the optimization task of a

sensor planner should be measurement quality. This criteria was also claimed in [27],

in which, a method of clustering unseen directions was introduced to optimizes the

“completeness” (percentage of surface sampled) of scanned surfaces.

Except holes, measurement errors are inevitable in an Automatic Dimensional

Inspection (ADI) system. The sources of uncertainties include:
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1. Intensity noise

2. Image quantization error

3. Poor surface property of light reflection.

Intensity noise is often a random noise in the process of counting photon energy

for each pixel. This type of noise mainly depends on the image grabbing system

and can be reduced by filtering techniques. The quantization error has been well

studied [30, 31]. Quantization error unavoidably exists in almost all vision systems

and is bounded by the size of pixels. A high resolution camera usually can provide

better measurement accuracy. With a same camera, a proper viewpoint can also

be used to reduce this quantization error [17]. Surface property of light reflection

is a problem particularly when a projector is involved in a vision system. Because

various materials have different reflection properties, the projected patterns may not

be clearly recorded. For example, in a low contrast region of an image, error is often

increased because the edge of projected fringes easily becomes noisy.

Many view planning systems [32, 20] emphasize minimizing the number of view-

points and the length of paths. For shape inspection, the priority of the accuracy

needs to be higher than the topology of the sensor path. Hence, a view planner

should be designed to optimize the measurement accuracy as well.

1.2.4 Data Analysis for Quality Evaluation

Data analysis includes several important issues to develop a correct dimension devi-

ation report for quality evaluation. Data analysis includes two major topics: regis-

tration and error map generation. Registration of point clouds is to find Euclidean

motions among a set of point clouds or, between a point cloud and the model set of a

given part, respect to a common reference frame. Error map is usually a color-coded

map that shows the deviation of the measured point cloud and its CAD model. In
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manufacturing, error map is needed to evaluate the part quality. And furthermore,

adjust the manufacturing process such that a correct part can be made. Obviously,

a wrong error map will cost expensive to manufacturers.

Three factors need to be concerned for error map generation: measurement accu-

racy, alignment between point clouds and the CAD model, and a method to calculate

the shape difference. Measurement accuracy is related to 3D scanner design. The

alignment between point clouds and CAD model, usually defined as a registration

problem, includes two categories: 1. registration of multiple point clouds into one

common coordinate frame and, 2. registration of the entire point cloud to the CAD

model. The first registration task is to develop a correct point cloud for representing

the true shape of the measured part, whereas the second registration task is to find a

correct transformation for matching the point cloud and CAD together for compari-

son. Both of them are critical for quality evaluation. After the entire point cloud is

aligned/registed to its CAD model, shape differences will be quantized by the distance

of each measured point to the surface of the CAD model. A color—encoded picture,

called error map, is used to visualized the distribution of these manufacturing errors.

Methods to calculate the error map can be different: a point-to-plane distance is

often used to generate an error map for 3D dimensional inspection. However, for the

inspection of membrane vibration displacement, a distance-along-vector is calculated,

which the shape variation is calculated in a specified direction.

The registration problem can be categorized into coarse registration and fine reg-

istration: coarse registration determines an initial alignment and fine registration

estimates a best solution to be close to the truth as much as possible. Without

coarse registration, fine registration is time consuming and often fails to find a so-

lution. Methods for coarse registration include principal component analysis (PCA)

[33], point signature [34], and image transformation [35], etc. For an automated in-

spection system, coarse registration can be done by a mechanical platform such as
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an industrial robot or a CMM. For fine registration, statistical approaches are of-

ten applied to match the point cloud to the CAD model. The Iterative closest point

(ICP) algorithm [36] is a widely used method for solving the fine registration problem.

Given two data sets that represent an identical geometric shape in two coordinate

systems, the ICP algorithm iteratively transforms a data set toward another one until

a closest match is obtained. In other words, the transformation between two data sets

is considered a “best-fit”, such that the average of the shape differences on between

the two data sets reaches a minimum. Except for processing time, finding a local

minimum is the greatest concern in ICP algorithms. Many extensions of the ICP

algorithm have been developed to solve the local minimum problem and improve the

algorithm efficiency [37] [38]. ICP-based algorithms have been applied successfully in

many applications such as pattern recognition and reverse engineering.

However, an ICP-based algorithm is not suitable in solving fine registration prob-

lem for inspection purposes. As mentioned above, an error map is a visualization of

absolute shape differences, whereas a transformation using a best-fit criterion is to

minimize overall shape differences. A limitation of ICP-based algorithms is that the

shapes of two data sets to be registered need to be considered identical. Since finding

the difference between the measured point cloud and the CAD model becomes the

goal, an ICP-based algorithm is not feasible for this application.

For a 3D shape inspection system, an ordinary registration approach in industry

is to integrate a non-contact 3D scanner with a contact mechanical probe: several

feature points measured using the probe are used as the “skeleton” and points cal-

culated by the 3D scanner are used as the “skin”. The “skeleton” is then used to

register the entire point cloud to the CAD model. However, the drawback of this type

of systems is that it changes a non-contact based 3D scanning system into a contact

based scanning system, which significantly limits the application scope.

Direct coordinates transformation is the simplest and most efficient way to reg-
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ister a point cloud to its CAD model. However, if the kinematics of the motion

platform do not provide enough accuracy [39], the system will utilize the motion re—

peatability for point cloud registration, if the repeatability of the sensor viewpoints is

satisfied. In most cases, the repeatability of a motion platform could be much better

than the motion accuracy for point cloud registration. Therefore, registration can

be done automatically on those calibrated viewpoints. Second, to improve registra-

tion performance, geometry features on a part surface, including corners, edges, and

holes, can be used for matching two data sets. Moreover, the analytical geometry

features such as peaks, valleys, ridges, determined by surface gradients, can also be

integrated to improve the registration quality. Third, when a specific portion of a

part surface is available, the ICP algorithm can be applied to that area to find the

registration directly. Finally, very often in many applications, certain user-defined

features, such as points or lines, are set as “anchor” references for point cloud reg-

istration. That user-input information becomes the most important for point cloud

registration. Therefore, instead of only using a single statistical value, the weighted

registration technique is to find the best “fitting” solution according to all available

information from the measurement system, part surface, and user-inputs.

It needs to be pointed out before the discussion of the proposed scheme: the

absolute correct registration matrix may not be able to be found. Registration quality

should not depend on a minimized number between the two data sets. A registration is

“qualified” only when the derived error map can successfully report the error between

the manufacturing part and its designed shape. Testing using a CMM verified error

map maybe reasonable in applications.
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1.3 Objectives and «Challenges

The objective of this thesis is to develop a general framework for automated di-

mensional inspection systems, which include topics not only in the development of

theoretical methodology but also application implementations. Though certain 3D

sensors are available in industry, this thesis aims at the development of automated

3D sensing systems, and especially, a system to inspect reflective surfaces, which does

not have a solution at present.

The main challenges involved in this thesis include:

0 3D sensing methods that satisfies all measurement requirements including ac-

curacy, precision, point density, scanning field, and processing time.

0 An automated inspection system. To gain the best quality of measurement,

proper viewing poses need to be configured. Especially for a large auto part,

a 3D sensor has to be set to different viewpoints for acquiring the entire part

surface. An automated inspection system needs to be developed to meet this

purpose.

0 A valid error map for quality evaluation. An error map is the final result

of the developed 3D surface inspection system. A valid error map tells the

distributions of the manufacturing errors. Failure to gain a correct error map

will prove expensive to the manufacturer. A standard of evaluation based on

the measured point clouds needs to be developed.

0 An innovative 3D shape measurement approach for specular surface measure-

ment. The current 3D sensors can only measure Lambertian surfaces, which

diffuse light in all directions. To measure a windshield’s surface, the current

3D imaging methods cannot be applied because of the surface properties. New

methods need to be developed for this application.
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1.4 Organization of the Dissertation

This dissertation proposal describes a general framework for development of an au-

tomated dimensional inspection system. It includes the following chapters:

0 Chapter 2 describes a general framework for active vision based 3D shape mea-

surement, which includes encoding algorithms, image processing methods, 3D

sensor design, area sensor model, error analysis, and calibration strategy. A dig-

ital area sensor is developed based on the proposed methodologies. Compared to

commercial 3D digitizers, our digital area sensor has certain advantages for an

automated dimensional inspection system. Meanwhile, the general framework

also includes a novel 3D shape inspection method, which is called back-imaging

method for measuring a reflective surface.

0 Chapter 3 introduces a general frame work of a control system for an automated

dimensional inspection system. The general framework includes a CAD-guided

view planning method and a feedback design for 3D shape measurement control.

The contribution is that, quality control is considered in a system point of view.

In comparison, in the field of dimensional inspection, performance of quality

evaluation is only determined by the capability of a 3D sensor. In fact, a proper

inspection process is also critical to inspection results. With the developed

feedback controller, quality of a measured point cloud is supervised to meet the

specified requirements. In this thesis, a control system is designed for a robot

view planner for measurement of Lambertian surfaces. For the measurement of

a reflective surface using the back-imaging system, the feedback control system

is designed to select proper sensors for measurement optimization.

0 Chapter 4 discusses data processing techniques for decision making of an au-

tomated dimensional inspection system. Our strategies for point cloud regis-

tration and error map generation are presented in this chapter. Point cloud
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registration is about matching multiple point clouds together and aligning the

entire point cloud to a desired data set, i.e., a CAD model or a pre—verified point

cloud. Point cloud registration is critical to error map generation. Though many

researchers use the best-fit approach, for dimensional inspection, we develop a

combination solution that integrates robot kinematics, photogrammetry, surface

features, local surface fitting, and user datum points for a proper alignment es-

timation of transformations for error map generation.

0 Chapter 5 reports the preliminary results of our automated dimensional inspec-

tion systems, which demonstrates a testing example on an automotive pillar,

m32501, from Ford Motor Company. The back-imaging method is also imple-

mented and tested on an automotive side door glass, provided by PPG Indus-

tries.

0 Chapter 6 summarizes the developed methodologies and our contributions.
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CHAPTER 2

Developing a Back-Imaging System

for Dimensional Inspection of

Reflective Surfaces

Dimension inspection using a CMM is time consuming because the probe of a CMM

must touch the surface point-by-point. The automotive industry needs a rapid 3D

dimensional inspection system. A vision-based non-contact 3D scanner can acquire a

part’s 3D shape patch-by-patch, which reduce the processing time significantly.

Because of the physical characteristic of a part surface, an incident light ray will

be diffused in all directions by a lambertian surface, whereas it is reflected in a

single direction by a reflective surface. This property makes optical measurement

of lambertian surfaces much easier than reflective surface because a camera can be

generally set to any location above the inspected part. For a reflective surface, the

location of sensing device has to be in the line of the reflected ray. The difference

between these optical phenomena determines that: for a lambertian surface, images

recorded on the part surface are real images; while for a reflective surface, since it

works as a mirror, the recorded images appear to be “behind” the part. Therefore, the
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camera records a mirrored image that does not exist on the part surface and we call

this way of 3D shape measurement on reflective surfaces the back-imaging method.

Although the approaches of measuring a lambertian surface and a reflective surface

are different, there is a general framework of 3D surface measurement that contains

methods required by both. This chapter describes the general framework by develop—

ing a 3D area sensor for lambertian surface measurement. Then, an innovative back-

irnaging system is introduced that is developed for reflective surface measurement.

The application of this back-imaging system is for a rapid windshield dimensional

inspection.

2.1 3D Surface Measurement using Structured

Lighting Method

2.1.1 Measurement principle

If a part has lambertian surfaces to reflect incident light in all directions, the relative

height of any surface point to a reference plane can be solved in a pair of similar

triangles AADC and ABDE as shown in Figure 2.1: hp represents the distance

from one surface point D to the reference plane. S is the stand-off distance from

camera frame to the reference plane and d represents the baseline distance from the

camera to the projector.

This method is usually called triangulation-based structured lighting method. An

area sensor prototype is developed based on this scenario as shown in Figure 2.2.

This prototype include a Sony XCD710 digital camera, a Plus V-1100 Digital Light

Processing (DLP) projector, and a plane convex lens to adjust the size of projection

field.
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Figure 2.2. An area sensor prototype

_LA0XS

d + LAC

Eqn.(2.l) shows the way to calculate the height hp. 5' and d are a pair of sensor

hp (2.1)

parameters that need to be acquired from sensor calibration. Unknown variable LAC

is the distance between two corresponding point A and C, which is measured by
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image analysis. In the rest of this chapter, we use h and L to represent hp and LAC

respectively.

After the surface relative height is obtained, the 3D coordinates of the surface

points in the camera frame can be calculated using the perspective transformation

model of the camera:

P 2X1) - a

Y _C ”U

_ 1 _ 1  

' —‘(S"‘) 0 0

0 -

— S—h

CT, = 0 F ) 0 0 (2.3)

0 0 (s — h) 0

0 0 0 I
b —l  

where u and v are the image coordinates of the surface point D. F is the camera

focal length and S is the sensor standoff distance.

According to Eqn.(2.1), two problems have to be answered: how to determine the

sensor parameter S and d? And second, how to calculate distance L precisely from

images? Before we start introducing our methods, it is necessary to show the error

estimation of this triangulation method, because it reveals what requirements for the

area sensor have to be satisfied.

2.1.2 Error analysis

Eqn.(2.1) can be rewritten as Eqn.(2.4), where res represents the camera resolution

and m represents the pixel distance counted from point A to C:

resmeS

h_

d+res><m

 (2.4)

Assume there is an one-pixel error of a measurement L, Eqn.(2.5) gives an esti-
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mation model of height error Ah:

resxS

 Ah: 2.5

I mx(m—1)xres2 ( )

d

where res represents camera resolution, which is another parameter of an area

 d+(2m—1)><res+

sensor. From Eqn.(2.5), it can be seen that all sensor parameters S, d, res play roles

in this one-pixel error model. However, the baseline distance d is found to have more

impact to accuracy. As shown in next three tables, the measurement uncertainties

Ah are vary according to sensor parameters and pixel distance (represented by the

number of pixels m). Each table only sets one sensor parameter as a variable while

maintain the other two as constants:

Table 2.1. One—Pix Error Analysis, res=0.151, S=393.7, unit: mm

 

 

 

 

     

d = 114.7 d = 213.4 d = 315.6 d = 429.3

m=53pix 0.4535 0.2590 0.1792 0.1335

m=64pix 0.4414 0.2551 0.1774 0.1325

m=87pix 0.4177 0.2446 0.1737 0.1304
 

Table 2.2. One-Pix Error Analysis, d=429.3, S=393.7, unit: mm

 

 

 

 

     

res=0.192 res=0.174 res=0.151 res=0.078

m=53pix 0.1681 0.1530 0.1335 0.0702

m=64pix 0.1665 0.1517 0.1325 0.0699

m=87pix 0.1632 0.1489 0.1304 0.0693
 

 

 

The one-pixel error estimation shows that a larger baseline distance d, a shorter

stand off S, or a higher camera resolution res will bring better measurement accuracy.

Notice this error analysis is a simulation result under the assumption that there is
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Table 2.3. One-Pix Error Analysis, d=429.3, res=0.078, unit: mm

 

 

 

 

S = 451.6 S = 434.7 S : 420.5 2 393.7

m=53pix 0.0805 0.0775 0.0750 0.0702

m=64pix 0.0802 0.0772 0.0747 0.0699

m=87pix 0.0795 0.0766 0.0741 0.0693       
 

exactly one-pixel error. Normally, the measurer'ncnt error of L is measured in sub-

pixel accuracy such that the real error is bounded by this one-pixel error.

2.1.3 Accuracy, precision, and point density

Measurement accuracy is usually a specification of an uncertainty to the true value.

Because of intensity noises, measurement of L between point A and C will contain

error, which will cause error in a point cloud.

Measurement precision is another sensor specification for evaluating the 3D scan-

ner’s capability of sensing the minimum depth change, which is useful in identifying

small surface features such as dints and dents. From Eqn.(2.1), it can be seen that

precision is only determined by the measurement resolution of L, which gives a critical

issue in 3D shape inspection: how to precisely allocate point A and C on the camera

image plane.

For any 3D scanner used for quality control purposes, it is often required to specify

the above three numbers. They might vary according to the applications and costs,

but, once the task is given, designing a proper 3D scanner and an automatic dimen-

sional inspection system should focus on satisfying those three basic requirements.

Point density specifies the average distance between two measured points. It is

also called the resolution of a 3D scanner, which mainly determined by the number

of pixels on camera image plane and the size of the field of view.
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2.1.4 Gray coding and line shifting method

The Phase Shifting method is a common solution for obtaining the profile of a freeform

surface. To measure a discontinuous surface, the Gray Code method can be applied

for unwrapping the calculated phase map, the so—called GCPS method. However,

for a sinusoid curve, at the non-linear portion of peak and valley, the magnitude

(intensity) does not have significant variation with phase value. Therefore, random

noise may easily increase the error of a derived phase map.

Considering intensity noise, a square wave is much more robust than a sinusoid

wave. Such a method, named GCLS (Gray Code and Line Shifting), is used for 3D

shape measurement. The drawback of GCLS method is that it needs more images

than GCPS method to obtain required point density, which slows the measurement

process. However, for inspection, the measurement accuracy and measurement preci-

sion are more emphasized. Hence the GCLS method is adopted in this thesis for the

developed area sensor.

If camera resolution resx, resy are pre-calibrated, and image coordinates (LEA, yA),

(1:0, yc) of points A and C are known, L can be calculated by Eqn.(2.6):

 

L = \/(res$ x (cm — 33(3))2 + (resy x (yA — 31(3))2 (2.6)

For a square pixel camera, res, and resy may equal to each other and are often

represented by res, which is the length of a square area on reference plane projected

to a single image pixel, so the unit of res is mm/pixel.

Figure 2.3 shows a 3-bit Gray coding process; three patterns were used to generate

eight stripes. In practice, for a 1024 x 768 camera, six patterns are actually used to

generate 64 stripes, and each stripe has 12 pixels. Shifting each stripe 12 times

can generate 64 x 12 = 768 codes. The number of codes is also determined by the

requirement of point density. For example, if 0.4mm spacing between two measured

points is required, for a 1024 x 768 camera on 200 x 150 viewing field, the number of
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Figure 2.3. 3D shape measurement using GCLS method

pixels to be shifted each time will be 1024 * 0.4/200 z 2. The total number of codes

is then 64 x 6 = 384.

2.1.5 Obtain sub-pixel accuracy using the GCLS method

For the stripes of the area sensor, precisely determining the boundaries of strips is

a critical issue for a successful 3D shape measurement. The gray coded line shifting

(GCLS) method is proposed to our digital light processor (DLP)—based range sensor

because it is more robust to intensity noise. Furthermore, sub-pixel measurement

accuracy can also be obtain using the square wave. instead of using the sinusoid wave

in the GCPS method. If not, quantization error will be added into measurement
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results. As shown in Figure 2.4, the edge of a stripe can arbitrarily fall in anywhere

between an image pixel n and its next pixel n + 1.

A stripe edge Image pixels   

 

  

Figure 2.4. Image quantization error in edge detection
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Figure 2.5. Edge detection using interpolation strategy

An edge detection method is illustrated in Figure 2.5: using another image with

opposite intensity stripes, A, B, C, and D represents four intensity values that will

be used to calculate X, the location of a stripe boundary. Sub-pixel accuracy can be

obtained with this interpolation calculation.

Even though, the estimation of X may have error because of image noises. But

this error can be bounded in one image pixel. On a view surface that has a norm

parallel to the viewing direction, resolution is often defined by the size of a piece

surface projected onto one pixel. This resolution is a constraint widely used in many
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view planning system. For a freeform surface, it may contain many small patches,

norms of each small patch will be vary so that the resolution of each patch is quite

different. Average norm of all small patches, can be used to determines a viewpoint for

those patches. This method only satisfies the global resolution constraint. However,

for a small patch under that viewpoint, the angel between the surface norm and the

viewing direction may exceed the threshold such that the resolution constraint cannot

be satisfied. Hence, the one pixel error bound is increased and the measurement

uncertainty will be out of tolerance. For surface shape inspection, this small area

needs a new viewpoint to satisfy the measurement constraints.

2.1.6 Image contrast and measurement uncertainty

Quantization error exists in all over the image. However, measurement uncertainty

can be increased in a low contrast region in the image. Considering intensity noises,

stripes in a high contrast area will be more robust than stripes in a low contrast

area. Figure 2.6 illustrates an image with high/low contrast regions. The intensity

profiles of two lines in Figure 2.6 are displayed in Figure 2.7: the top curve shows the

intensity profile of the line through a low contrast area and the bottom curve shows

the intensity profile of another line through a high contrast area. Image noises can

be seen at the peak and valley of each wave, which affects the accuracy of the edge

detection algorithm.

Since the part surface property is unpredictable, viewpoint estimation from the

part’s CAD cannot solve this problem. To record an image with the proper image

contrast, the feedback design need to be incorporated to modify the position and

orientation of the planned viewpoints.
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Figure 2.6. An image of stripes in high/low contrast area

2.2 Calibrate a 3D area sensor using a pixel-to-

pixel strategy

Calibration of the developed area sensor is a task to determine the sensor parameter

set S, d, res, in which res is relatively easy to determine: it could be done by counting

pixels of a known rectangle in an image. However, it is not easy to estimate the sensor

stand-off S and baseline distance d. The camera pin-hole model is widely used for

3D sensor calibration to obtain a. pair of S and d, according to the principal points of

the camera and projector lens. To gain better measurement accuracy, a pixel-to—pixel

method is developed to calibrate (S, d) for only a pair of corresponding points.

As shown in Figure 2.8, points 31 and E, are corresponding with each other.

And light from Bl to point 01 is reflected to E1. Notice that E1 may not be on

the camera plane; it is a virtual point which can be determined by two lines: the

reflected light beam DlEl, and a base line BlE1 that is parallel to the reference plane.
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Figure 2.7. Intensity profile in high/low contrast area

plane. Therefore, to measure the height of point D1 using Eqn.(2.1), (d1, S1) need

to be calibrated. Similarly, ((12, S2) are required for measuring D2. For each encoded

points on projection plane (B(i,j),z' = 1...m,j = l...n), a. set of sensor parameter

matrices (d(i,j),S(i,j),1i = 1,2..m,j = 1,2..n) need to be calculated. m x n is

the dimension of a point array, which is specified by the number of encoded points

projected in camera viewing field.

A linear least square method can then be used to calibrate sensor parameter

d(z',j), 5(2' j). Illustrated in Figure 2.9, by controlling movements (h1(i,j)...hn(2',j)

of reference plane n times, a set of (L1(i,j)...Ln(i,j)) can be measured using GCLS
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Figure 2.8. Area sensor calibration using pixel-to—pixel strategy

method, then d(z',j), S(i,j) are calculated by Eqn.(2.7).

hum ‘le a“, J)
H. H. ' 5(2) j) = .- (2.7)

’ —h ) X Ln(
"(M 133')

‘hlm X Lluuj)

hum) —L..(.-,j)

Therefore, the surface height map h can be calculated using Eqn.(2.8): where z'

and j represent the image coordinates, row and column.

MM) X 5033')

dad) + LUJ)

Eqn.(2.7) only gives the solution to calibrate the baseline distance d and standoff

[207].) :
 (2.8)

S. It is assumed that the distance L is measured accurately. Error in the measurement

of L will cause calibration uncertainties. The previous section focuses on image

analysis for better measurement of L. However, inaccurately positioning the camera

and the projector will cause a system offset angle a, perpendicular to stripes, which
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Figure 2.9. Calibration of sensor parameter d1, 51 using a linear least square method

creates error to L. Shown in Figure 2.10: point D has height HD to reference plane

that is going to be measured. AC and A’C" are on the projected lines of MP and M’P

on reference plane, respectively. Line AC is perpendicular to the coded stripes and

line A’C’ has an angle to line AC which is the offset angle 0. Using a pixel-to-pixel

strategy, M is a guess point corresponding to P. But actually M’ is the real point

corresponding to P. AM’DP and AA’DC’ are similar triangles and hence distance

L’ between points A’ and C" should be used to calculate HD. But, because patterns

are usually encoded along either image rows or image columns, codes are identical in

one stripe. For example, point A’ and A have same codes because they are in a same

stripe. If a is not calibrated, instead of L’, L will then be used in calculating HD.
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Figure 2.10. Calibrating the offset angle 0:

Therefore, the length error AL between L’ and L causes the error AHD in measuring

HD. This system error will bring error into calibration of sensor parameter (S, d) as

well. Eqn (2.10) shows the calculation of this error term AL and Eqn (2.12) shows

the calculation of AHD.

 

LEM) = L(,-,j)sec(a) (2.9)

ALW) = LEW.) — LW) 2 (1 — sec(a)) x L(i,j) (2.10)

Ahw) = him) — hm“) (2-11)

Ahw) = L’s-.1) x SIM) _ LW) X 5012') (2.12)

dun) + Log) dean + LW)



A regular way used by several commercial 3D scanners is to encode points using

both horizontal and vertical stripes, which needs much more time for image process-

ing. The method proposed in this thesis calibrates the offset angle a in off-line mode,

which saves time for real-time inspection process. Therefore, as shown in Eqn.(2.10),

L’ can be derived by the measured L and the calibrated offset angle a. This corrected

U will then be used in Eqn.(2.8) to calculate the relative height of a surface point to

the reference.

Similar to sensor baseline and standoff distance calibration, the developed pixel-

to-pixel strategy is also applied to calibrate the offset angle (1(2', j), which basically

has two steps:

1. Determine a pair of corresponding points A’ and C’ from two sets of images.

2. Calculate the offset angle a(2',j).

As described above, area sensor calibration cannot be done in one step. Sensor

parameters need to be calibrated one-by-one by using the proposed pixel-to-pixel

strategy. Generally, calibration can be conducted by following sequence:

1. Setup calibration reference with respect to the area sensor.

2. Determine camera resolution res, this can be done easily by counting the size

of view field and the number of camera pixels.

3. Record images, to each coded point, calculate the installation offset angle (1(2', j)

4. To each coded point, calculate the baseline distance d(i, j) and S(z', j) using the

linear least square method.
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2.3 DeveIOping a back-imaging system for reflec-

tive surface measurement

In automotive glass manufacturing industries, there is an increasing requirement to

quickly determine the 3D shapes of glasses for manufacturing inspection using vision

based 3D sensing techniques. However, physical properties of the specular surfaces

such as reflectivity and transparency do not allow us to apply the triangulation-based

techniques for measuring a reflective surface. This is because the projected light

is mainly reflected to a single direction and little light reaches the sensing devices.

Figure 2.11 illustrates the reflection phenomena of a point light source to a reflective

surface and diffuse surface.

Point Light Source

 

  
(a) (b)

Figure 2.11. Reflection of a point light source on a reflective surface and a diffuse

surface. (a)Reflection on a diffuse surface, (b)Reflection on a reflective surface.

For a point light source P, if it emits light to a point A or B on a diffuse surface

as shown in Figure 2.11(a), the incident light will be scattered in all directions such

that both cameras Cl and C2 will be able to record an image of point A or B on the

surface. However, on a reflective surface, the reflection will go a single direction so

that reflection of point A can only be recorded by camera Cl whereas reflection of

35



point B can only be recorded by C2.

Specular reflections of an object are determined by the surface normal and can

therefore lead to the effect that for a same projected pattern, various images can be

perceived at different sensing positions. However, this reflection property can also be

used to implement a new measurement system using similar ideas from existing 3D

imaging techniques. In other words, the reflective surface can be used as a mirror

to reflect encoded patterns from a screen. Hence, a novel 3D shape measurement

system is proposed in this thesis, which is going to be developed for automotive glass

inspection.

2.3.1 Projection Screen

Considering the reflection property of reflective surfaces, it is obviously that a point

light source such as a DLP projector is not proper for measuring a reflective surface.

Instead of, a diffuse-based light source is necessary for constructing a projection pat-

tern. As shown in Figure 2.12, a projection screen is used, each point will emit lights

to the part surface. Under this circumstance, the measured part surface functions

as a mirror. And an virtual image, so called “back image” is generated accordingly.

Therefore, for a fixed camera C1, there is at least one incident light of a point in the

sensing region BC to be detectable. The method, for measuring reflective surfaces

like an automotive glass is then called a “Back-imaging” method.

2.3.2 Unknowns variables of a back-imaging system

The triangle-based 3D sensing method has only one unknown variable to solve, relative

height h. In contrast, there are two unknown variables, position and orientation of a

surface point, need to be determined for measuring a reflective surface. The triangle-

based model cannot solve two unknown variables simultaneously.
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Figure 2.12. Measuring a reflective surface using diffuse-based projection method

2.3.3 Measurement principle

For those two unknown variables, a solution exists as long as any of the two unknowns

is acquirablc. By utilizing the CAD information, the normal vector V can be initially

estimated. Therefore, with knowing vector U and V, we can determine W and hence

the coordinates of point P. While a certain uncertainty is presented in calculating

vector V, we still can search a proper location on vector U around the initial point P

to find a best estimation of vector W and then determine the point P accordingly.

As shown in Figure 2.13, coordinates of projection point P1 is predetermined in

the world frame. Location and orientation of the camera is also calibrated. Therefore,

the viewing vector U becomes known to each pixel on the image plane. With knowing

the image point of P1, vector U is specified and then the position of surface point P,

is related to its surface normal Vs: Vs evenly divides the angle between vector U and

vector W, according to the reflection law.

In the proposed iteration-searching algorithm, unknown variables position P and
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Figure 2.13. 3D shape measurement of reflective surface using recursive searching

normal Vs can be initially calculated by the intersection of vector U and the tes-

sellated CAD model. However, on real surface, the reflection point will stay in the

designed surface, and therefore a manufacturing error distribution needs to be de-

tected. Actually, finding the error between the real surface and the designed surface

is exactly the purpose of this inspection system. However, by starting with this initial

point, the iteration—searching process can be speed up significantly because the real

surface point usually exists closed to this initial point.

Figure ?? shows the developed iteration-based searching method. Point P1 is a

marked point on the diffused-based projection screen, from the mirrored back image,

the pixel location of P1 can be determined. And therefore, vector U1 can be deter-

mined through camera calibration. Details of image analysis for calculating point P1

and U1 will be introduced in next section.

An initial point P2 is first calculated by the intersection of vector U1 with one of

triangles tessellated from the CAD model. Then by testing point P3 on the designed

surface, a new position M3 and V3’ will be obtained as an update of point P2 and

its vector V2. Meanwhile, the projection vector W3 is calculated to replace the
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Figure 2.14. 3D shape measurement of reflective surface using recursive searching

initial vector W2. By checking the normal of U1 and W3, vector V3 is determined

as the “correct” surface normal. Evaluating the angle between vector V3’ and V3,

a new point and new vector will then be estimated in the next step. This process

recursively executed until a point Pn is found such that on position M, the surface

normal V1 separate the angle between projection vector W1 and view vector U, i.e.

angle (11 = (12.

2.3.4 Measurement using the Golden Section method

For the developed searching method, point on CAD surface has to be tested one—by-

one. It will cost much time to reach an optimized solution. An alternative way uses

golden section method in a quick searching of the solution. As shown in Figure ??,

after initial position P2 and vector V2 are calculated, position P3 can be calculated
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according to the estimated surface error A using Eqn.(2.13).

Lp2_>p3 = 2 X A X ctan(fl) (2.13)

yCamera

 

 
   
 

Figure 2.15. An accelerated searching Using the golden section method

where the estimated surface error A can be a predetermined largest error that

has been reported in a manufacturing process. Vector V3 is CAD normal on point

P3, point M3 can then be determined on the view vector U1. By checking the offset

angle 63, the iteration process then use golden section method to determine point P4

on CAD surface, and hence V4, offset angle 04 etc. The process stops after 11 steps

when the offset angle 0(n) is less than a threshold value. Point M is then decided as

the surface point of reflection corresponding to view vector U1 and marker point P.

This process is also described in a flow chart in Figure 2.16.

According to the above discussions, two issues are critical to the measurement

accuracy of the designed back-imaging system:
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Figure 2.16. The flow chart of the golden section searching method

1. Does U1 point to an image point 1(z', j) corresponding to marker point P?

2. Is U1 the correct vector for the image point 1(2', j)?

The first issue is related to image processing method in calculating the image

coordinates of marker point P. Since a glass is usually laminated with multiple layers,
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a incident light will have a second reflection from the bottom layer of glass which

may noise the image for position identification. The second issue is related to the

calibration of viewing vectors. The next two sections will introduce methods in solving

these two problems.

2.4 A Multi-Projection based Back-imaging Sys-

tem

Another innovative multi-projection method is also developed to solve those unknown

variables simultaneously. As shown in Figure 2.17, the reflection vector U, the pro-

jection beam vector W, and the surface normal vector V have an intersection right

on the part surface. Since vector U can be determined by camera, then as long as the

projection vector W is known, the coordinates and surface normal at point P can be

easily calculated by vector U and W.
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Figure 2.17. 3D shape measurement of reflective surface using multi-project technique

To obtain this projection vector W, the encoded projection screen can be moved

toward the camera several times, the correspondent point can then be identified that

forms the projection vector W. Though the algorithm is fairly much easier than
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the iterative—searching method, physically implement this method is much complex

because the mechanic motion needs to be precisely controlled. The cost of such system

will be much higher than the iterative searching based method. In the other aspect,

the entire projection screen has to be encoded for measurement. The algorithm for

image coding and decoding costs more time than the iterative searching method,

which makes it not a practical way for an industrial application.

2.5 Bottom layer reflection problem

When an electromagnetic wave, a visible light in this research, passes a. layer of

another media from air, reflection and refraction will both happen simultaneously.

The refracted light, will be refleCted again at the other side of media as can be

seen in Figure 2.18. Notice that the bottom layer reflection is parallel to the top

_ , Surface norm

Ineldent light , .

Top layer reflection

/ Bottom layer reflection

A

    

  

 

   

Transmission

Figure 2.18. Bottom layer reflection

layer reflection but intensity is dramatically reduced because most of light energy is

transmitted through the glass. This phenomena is illustrated in Figure 2.19.

For image processing, if a white dot is used to mark a point, the target circle will be

blurred at bottom. Then, the real location of the target point cannot be distinguished
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Figure 2.19. Bottom layer reflection of a glass
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Bottom layer reflection, High Contrast

Figure 2.20. An intensity chart around a white dot

because the CCD sensor is saturated. Such an intensity map around a white dot can

be seen in Figure 2.20. However, since the energy of the bottom reflection will be
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reflection will be smaller than the top layer reflection, a black dot can be used as

a mark point. In this reversed situation, the real location of a target point and

blurred region can separated in image analysis, and hence the bottom layer reflection

problem is solved. As a consequence, the image position [(2', j) of point P can be

precisely identified. The principle of distinguish the bottom layer reflection is shown

in Figure 2.21, and the intensity map around a black dot can be seen in Figure 2.22.
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Figure 2.21. Distinguish the bottom layer reflection using a black dot pattern

Considering certain image noise may exist, an intensity weighted estimation

method, described by Eqn.(2.14) is used to calculate the center of the marker.

k: - Im — 2,211,-

With this identified image point Imayc) of the mark point P, the corresponding

 

CBC:

viewing vector U(xc,yc) can be obtained by a vector-based camera calibration method

that is introduced as following.
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Figure 2.22. An intensity chart around a black dot

2.6 Vector-based system calibration

Camera calibration is required in most vision metrology systems. As discussed in

Chapter one, a pin-hold lens model is often used to calibrate the intrinsic and extrinsic

parameters of the camera. However, for advanced lens used in a metrology system.

Every sensing pixel needs to be calibrated one-by-one to satisfy the requirement of

measurement accuracy. Described in previous section of this chapter, a pixel-to-pixel

strategy is developed to calibrate an area sensor. This strategy can also be applied to

the back-imaging system in deriving the viewing vector for each pixel. This calibration

technique, focuses on derives a set of vectors for image pixels, is called vector-based

camera calibration.

Figure 2.23 illustrates the method to calculate the view vector U (2', j ) of an image

pixel 1(2', j). By raising up a predefined reference board, the view vector U (i, j) can

be determined by point P1(2', j) and P2(z', j). Though the algorithm is not difficult,
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challenge to develop a system to calibrate all pixel simultaneously.

Camera &

 P2(i,j)
 

P10.» x . Y
 

Figure 2.23. Calibrate the view vector of an image point

Figure 2.24 shows an automatic calibration method proposed for the calculation

of point le) and P2(i,j) from image analysis. By setting up a grid pattern of dots in

the world frame, one image is are recorded and each intercross dot in Figure 2.24 can

be estimated using image analysis technique. Those marker points then functions as

reference points for calculation of 3D coordinates of any other projected image point.

Theoretically, in image analysis, point C1 and C2 are calculated first in the image

coordinate frame. The ratio of RlCl to C1R2, M1), and R1C2 to C2R3, /\(2), is then

derived. With knowing the ratio A(l) and A(2), the location of point PM) can then

be estimated. However, in reality, the prospective model of the camera lens distorts

the square pattern on the image, which forms a pattern as shown in Figure 2.25:

Therefore, the coordinates of point C2 needs to be calculated within this perspec-

tive image model. Position of U(i.j) is then calculated using the reference markers and

coordinates of C1 and C2.
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Figure 2.24. Estimate the world coordinates of an image point, a theoretical model

2.7 Chapter Summary

This chapter introduces two measurement systems, for the inspection of lambertian

surfaces and reflective surfaces. For a part with a lambertian surface, a robot-

integrated automated dimensional inspection system is developed. In contrast with

the common strategy the using phase shifting method, a line shifting method is de-

veloped in this thesis, which shows better measurement precision. A pixel-to-pixel

calibration strategy is proposed in this thesis that calibrates the area sensor. Though

a general approach calibrates the camera and the projector individually in the sim-

plified pin-hole lens model, the pixel-to-pixel strategy is developed based on the real

lens system. It is therefore much more reliable because each pair of encoded point is

calibrated within the triangle model of an area sensor.

For a part with a reflective surface, such as automotive glass, an innovative back-

imaging system is developed in this thesis. Using a diffuse-based projection screen,

an iteration-based searching algorithm is developed to extract 3D shape of the re-

48



 
 

 

R1 c2 R2
  

c1

P(i.i)

 

Figure 2.25. Estimate the world coordinates of an image point, a perspective model

flectivc surface from the mirrored images. The CAD model of the part is necessary

in this iteration-based searching method. The golden section method is applied to

expedite the searching process. The problems of bottom layer reflection and view
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vector calibration are critical to the measurement accuracy. Methods to solve these

two problems are introduced in this chapter.
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CHAPTER 3

Process Planning and Control of

an Automated Dimensional

Inspection System

For a large part, multi-view measurement is necessary to obtain a point cloud of

the entire part surface. This can be done by moving either the area sensor or the

part itself. Moving the sensor or the part is a similar problem considering the ge-

ometric relationship between the sensing device and part surface. The problem is

how to properly plan and control this motion process to improve the measurement

performance.

For measurement on a lambertian surface, the area sensor needs to be moved to

different viewpoints to cover the entire surfaces and to improve measurement qual-

ity. A robotic integrated dimensional inspection system is necessary for this type of

application because:

a The robot can maintain the area sensor steady during the measurement process.

0 The robot can automatically move the area sensor, which is especially required

for a Flexible Manufacturing System (FMS).

51



o The inspection process can be totally automated by planning and control of the

robot.

3.1 CAD-guided Area Sensor Planning

The structure of an automated dimensional inspection system is shown in Figure

3.1. There are three main steps in this system. The first is sensor planning: task

constraints of the area sensor’s viewpoints are generated from the model of the area

sensor and the CAD model. An area sensor planner estimates viewpoints that sat-

isfy all task constraints. The calculated viewpoints will then be sent to the robot
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Figure 3.1. Automated dimensional inspection system

Second, the 3D shape of the part surface is scanned. A group of encoded stripes is

projected to the part surface. The deformation of the stripes is then used to calculate

the 3D shape, as described in the first chapter.

Finally, the measured point cloud is matched and compared to its CAD model.

An error map can then be generated for quality evaluation of inspected parts.
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A CAD-guided area sensor planning is only a part of the automated dimensional

inspection system. Since the geometric shape of the part, the designed CAD model,

is usually acquirable in manufacturing industry, it could be very convenient to obtain

an initial set of viewpoints that can cover the majority of the part surface. This

section describes methods for the CAD-guided area sensor planning.

3.1.1 Task Constraints for CAD-guided area sensor planning

There are five constraints considered in the developed automated dimensional inspec-

tion system: visibility, field of view, resolution, point density, and depth of focus. In

contrast with previous planning systems, constraints of both the camera and projec-

tor have to be satisfied: the visibility constraint demands that less occlusion exist

between the part and the area sensor. Two types of occlusions exist: one is along

the incident beam of projection and the other is along the reflection beam for cam-

era recording. Shown in Figure 3.2, V is the vector of sensor viewing norm, V(avg)

is defined by the average norm of a patch of surface. Cl, C2 are vectors of camera

viewing normal constraints, and P1, P2 are vectors of projection normal constraints.

31,32 are vectors of surface normal constraints that are limited by 0;, P1 and C2, P2.

This constraint insures that this patch surface can be illuminated by the projector

and images of this patch surface can be taken by the camera. Threshold angles of

61 and 02 are used to define visibility constraints and angle Etri represents the angle

between any single triangle and the surface average norm, as shown in Eqn.(3.2).

Vtrz' ' l/avg

) (3.1)

IIWnIIIII/ngll

 6m- : arccos(

6, ' 9.,- = ' 0Wm! < |1| szgnh) szgn< 1) (3'2)

l62l7 figment) = sign(62)
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Figure 3.2. Deriving visibility constraints of an area senor

The given CAD model is first tesselated into triangles. Then, based on the normals

and areas of triangles, a clustering algorithm can be used to separate all triangles

into a set of smooth patches. The whole process for generating a candidate patch is

illustrated in Figure 3.3.

The other four constraints are described as follows:

1. Field of view determines the size of maximum inspection area. It is usually a

rectangular field. In the developed area sensor planner, it was determined by

the standoff and camera viewing angles.

2. Resolution defines the entity’s minimal dimension to be mapped onto one cam-

era pixel.
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Figure 3.3. Clustering the triangles of a CAD model according to the visibility con-

straint

3. Point density is a constraint determined by the field of view and the resolution

of the projector, which is a new constraint developed for the automated area
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sensor planning system. Point density constraint ensures that enough points

can be measured for certain area of surfaces.

4. Focus constraint defines the farthest measurement distance and the nearest

measurement distance from a viewpoint.

A bounding box method is developed to integrate all constraints of both a camera

and a projector for searching viewpoints. Illustrated in Figure 3.4, a candidate patch

is concluded in a bounding box, the width and the length of the box specify the field

of view and the height of the box specifies the farthest and nearest focus distances.

A viewpoint can be estimated on the center line that passes through the bounding

box.
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Projector

FOV   

  

 

 

 

    

     

 

Camera focus Projector
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Figure 3.4. Integration of planning constraints using a bounding box method
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P i=1

(3.3)

The searching algorithm can be described by Eqn.3.3, where P represents the poten-

tial viewpoints, N represents the number of meshed triangles in the inspected field,

Ci1,Ci2,..,Cz'5 and Pi1,Pz'2, ..,Pz'5 are camera and projector constraints respec—

tively. Projector constraints have to be satisfied first, and then camera constraints

are considered. Because the viewpoint may exist in a region, a pose with the mini-

mized measurement error can then be estimated.

Figure 3.5 illustrates this searching algorithm for viewpoint generation: for a

candidate patch, a bounding box will be calculated first, then if all measurement

constraints cannot be satisfied, the patch in this bounding box will be split into two

patches, and each patch has a new bounding box generated for another test. The

whole process is iteratively executed until a qualified viewpoint is reported.

3.2 Feedback Control of the Automated Dimen-

sional Inspection System

CAD-guided area sensor planning scheme is only an open-loop system, which can be

simplified as shown in Figure 3.6. Viewpoints of an area sensor are generated from

the off-line robot sensor planner through a CAD model, a sensor model, and required

task constraints. The quality of the measured point clouds totally relies on the off—

line programmed viewpoints. In a real measurement, location and area of “holes”

are usually unpredictable or hard to compute. For example, for “holes” generated

by light reflection, although the center of a brightness spot can be estimated using

Fresnel’s law, estimation of the size of a spot is extremely hard because it depends
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Figure 3.5. A recursive viewpoint searching algorithm.

on the material and smoothness of part surfaces.

For 3D dimensional inspection purpose, measurement quality is the optimization

criteria in designing a sensor planner. Completeness is one of the requirements of

a “qualified” point cloud. Accuracy can also be improved by using redundant data.

Both of thorn can be optimized by relocating an area sensor.
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Figure 3.6. An simplified open—loop robot sensor planning scheme

This section describes a closed-loop robot area sensor planning system for auto-

mated dimensional inspection. Continuing from previous research, dynamic inspec—

tion methods are introduced in a general framework, which integrates model-based

scheme and real-time sensing feedback for covering the unpredictable “holes” and also

improving measurement accuracy. The major advantages of this dynamic system are:

1. A model-based sensor planner can initialize a set of viewpoints which covers the

majority of part surface in a short time.

2. The point cloud is output only when it is “qualified”, which is predetermined

as a system set point. This criterion provides a standard evaluation of a point

cloud so that it can be used for comparing to the CAD model to generate an

inspection error map. An “unqualified” point cloud may cause loss in discarding

good parts and keeping parts with wrong shapes.

3. Defects in real measurement, a light reflection spot or a piece of shadow region

in an image, can be recovered by predicting another viewpoint automatically.

This feedback system can be illustrated in Figure 3.7. After a set of viewpoints

is initialized from a given CAD model, an online sensor planner can add new sets of

viewpoints to improve the quality of measured point clouds.
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Figure 3.7. A close-loop robot sensor planning scheme developed for a 3D dimensional

inspection process

3.2.1 Model of the closed-loop dynamic inspection process

To acquire the qualified 3D point clouds, the developed closed-loop system includes a

group of methods in different areas: a model based sensor planner using a bounding

box method, image segmentation and recognition techniques, a 3D point filtering

method, a point cloud registration strategy, and a pixel-to—pixel calibration method.

Figure 3.8 shows the diagram of the proposed feedback system, which integrates all

methods together for automatical dimensional inspection:

3.2.2 Model of system components

As shown in Figure 3.8, the proposed system contains four functions: dynamic sensor

planner, point cloud generator, viewpoint evaluator, and error map generator.

1. Dynamic Sensor Planner: The dynamic sensor planner has four inputs: CAD

model, area sensor model, task constraints, and feedback information. ViCWpoints

are output of the planner.

1.1. The part’s CAD model is tessellated into K triangles. Ttiangle norm can be
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Figure 3.8. Diagram of a sensor planning system using dynamic methods for 3D shape

inspection of automotive parts

determined by the order of its three vertexes: pl —r p2 —> p3.

1.2. TC is a set of task constraints of the area sensor:

TC : {fovvsapifdan} (3'4)

where the field of view f011 is defined by the length L and width W of a rectangle

area; S is the standoff distance of an area sensor; p represents the image resolution;

fd represents the focus distance which contains two values: nearest focus distance,

and farthest focus distance; 77 represents visibility of the area sensor, determined by

three vectors: projection vectors P—l}, camera viewing vector (TI), and surface norm

vector ST}. A piece of surface is visible if the following equation is satisfied:

< 0

Hera/II “’1 (3.5)
6th2

where 6,,” ensures that the encoded patterns can be projected onto the surface and

6m ensures that this piece of surface can be “seen” by camera.

1.3. An area sensor model can be described by Equation (3.6), which is used in
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many triangle-based area sensors:

L - S

d + L - S

1.4. Defect map I is a group of 3D points which are the output of the view-

(3.6)

point evaluator. Usually, three types of defects are considered: a shadow map IS, a

reflection map IR, and an inaccuracy map IA.

1. Shadow map IS: 3D Measurement within a shadow is not possible because no

projected patterns can be detected by the camera. A shadow map is a group of

points extracted from the point cloud at the boundary of a shadow region.

[S = {p,(:c,,,-,yS,-,zsi)|i=1,2...k8}, (3.7)

where ks represents the number of points extracted from a point cloud.

2. Reflection map IR: Similar to a shadow map, a reflection map is a set of points

which is extracted from the boundary of a glossy spot. Measurement in bright

spots is not available because the projected stripes cannot be seen by the camera

as well:

IR = {p,(:v,.,-, y”, z,,-)|z' = 1, 2...kr} (3.8)

where kr represents the number of points extracted from a point cloud.

3. Accuracy map IA: According to measurement error analysis in Chapter 2 of

this thesis, accuracy is not evenly distributed over a point cloud. For a single

surface point, the measurement accuracy is related to the sensor viewpoint.

Differences of measurements on two viewpoints generate an accuracy map IA:

IA = {p,-(:1:a.,~, yai, za,)|z = 1, 2...ka} (3.9)

where ka represents the number of 3D points in a region where the measured

3D shape is different with the previous measurement.
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1.5 A viewpoint includes a location p and a viewing vector '0. V0 represents the

initial set of viewpoints generated from CAD model, and V), represents the sets of

viewpoints estimated from feedback information, k is used to represent the iteration

times.

V0 ={‘1/0i=(Piavz‘),Pi E 533,146 R3} (310)

Vk = {Witt = (pkiavkilapkz‘ E RBaUkz’ E R3} (3-11)

V=djwdflt 6H)
k=l

Besides the above four inputs and one output, this designed dynamic sensor plan-

ner has two functions:

1. Initial viewpoint configuration f0: An initial viewpoint configuration is a process

to estimate viewpoints based on the given CAD model of a part. Function f0

represents a bounding box algorithm developed to find a viewpoint set V0 from

CAD model M.

”MHW am

2. Feedback viewpoint configuration 9),: gk is a projection from the defect map I

to new viewpoints:

9k 2 I H Vk (3.14)

2. Point Cloud Generator F: Given a set of viewpoints V, P represents a process

that obtains point clouds from each viewpoint:

P : V +——> PC (3.15)
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PC represents a point cloud, which is used to represent a 3D free-form surface of

the part. Because it contains millions of 3D points, algorithms to reduce the point

density are often required. Equation (4.13) describes how PC is defined:

PC = {p,-(:1:,-,y,~, z,)|7j = 1, 2...m} (3.16)

3. Viewpoint Evaluator A: A is a function to make a judgment about whether

or not the quality of a point cloud PC satisfies the predetermined conditions. If not,

defect map I will be fed back to the dynamic sensor planner to update set V. This

function can be represented by Equation (3.17) as follows.

A : V +—> I (3.17)

where viewpoint set V is the input to A. Figure 3.9 illustrates the detail structure of

this function. Two point clouds will be measured sequentially. Differences between

those 2 point clouds will be input to the error evaluator. Meanwhile, an image

processor is designed to detect shadow and light reflection regions in a point cloud.

Three-dimensional points at the boundaries around holes are extracted using a point

cloud identifier. Symbol uk and 1),, are used for system stability analysis and will be

described next. A logic switch signal K is one output signal of A. Q is a cost function.

If Q is less than a threshold, the switch It will be closed such that the iteration process

will stop and the current point cloud can then be output for comparison with a CAD

model.

4. Error Map Generator A: Function A can be described by Equation (3.18):

A: (M, PC) +——) E (3.18)

where M represents the CAD model and PC represents a point cloud. Error map E is

the final output of the feedback system. An error map E includes a set of 3D points
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Figure 3.9. Structure diagram of a viewpoint evaluator A

and their distances D in a metric space to the closest triangle in CAD model M.

D(p,-, M) = min(d(p,-,Tj),z'=1,2...m,j=1,2...n) (3.19)

E = {< p,,D(p,,M) > |i=1,2...m} (3.20)

3.2.3 Model of the dynamic measurement process

Based upon the above definitions, a state space model of the dynamic sensor planning

process is developed to describe the process of this proposed closed-loop planning

system, shown by Equation (3.21): where V and Pc are state variables, M and TC

are inputs, and error map E is the output of the system:

V i fo(M,TC) ngU)

PC e. rm (3.21)

E = A(M, PC)

where i indicates that V and PC are accumulated results from iterations. As shown

in Figure 3.8, given a CAD model M and a set of task constraints TC, a group of

viewpoints V0 will be initialized first, a point cloud Pc is then generated according to

V0. Initially, V is equal to V0. Two functions F and A are then going to be executed

based on this viewpoint set V. As described previously, F is an execution which

obtains point clouds PC from set V. Meanwhile, function A evaluates the current

viCWpoint by detecting holes. If necessary, a group of new viewpoints will then be
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generated through function 9),. The measured point cloud will be kept updating until

the shadow/reflection detector reports a stopping signal. Based on this automatic

control scheme, an error map will be generated only when the measured point cloud

is considered to be qualified. which then can be used to compare with its CAD model

M for surface quality inspection.

3.2.4 Stability analysis of the dynamic inspection process

Stability of this dynamic inspection process is analyzed to ensure the iteration process

will converge. A cost function Q is defined in Equation (3.22). In that equation, u

represents the total area of holes, which is called a hole cost. And 2) represents the

total area of shape difference between two point clouds, called a distance cost. Then,

Q can be optimized by adding more viewpoints such that both it and v are minimized.

The cost function Q can be represented on a complex plane such that u and v are

the real and imaginary part respectively. A weight number 21) is defined as a ratio

between the hole cost and the distance cost.

Q 2 H211 - u], +jvk|| (3.22)

This recursive planning process stops when Q is reduced to a tolerable value.

Ideally, Q would be 0, indicating that the present point cloud has no holes and

is exactly matches the point cloud measured in the previous step. Because new

viewpoints will always bring more 3D points to update the point cloud, holes can be

filled by continuously adding viewpoints. In another respect, accuracy of the point

clouds can also be improved by adding redundant points. Hence, the system will be

stable after a finite number of iterations, k.
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3.3 Applying the dynamic inspection process to

3D surface measurement

In this section, the proposed general frame work is applied to solve the hole problem.

Both shadow and light reflection can generate holes in a point cloud. holes are often

filled with a predefined constant. As described in previous section, the proposed

closed-loop scheme can fill holes by estimating new viewpoints. A bounding box

algorithm is developed to estimate viewpoints for covering holes.

3.3.1 Applying the general framework to solve the hole prob-

lem

As shown in Figure 3.9, a viewpoint evaluator is implemented as a shadow/reflection

controller. The dynamic sensor planner then has 3 functions f0, gks and gm,

which represent a model-based sensor planner, a shadow-based sensor planner, and a

reflection-based sensor planner. The model-based sensor planner has been discussed

in Chapter 2.
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Figure 3.10. Unknown shadow space formed by geometry occlusion
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1. Development of gkg for covering shadow region:

Figure3.10 illustrates a shadow problem in 3D shape measurement: the part with

grey color represents a 3D part, the part with white color represents the unknown

shape that need to be measured. The arrow represents a possible viewing vector that

is going to be estimated to measure this unknown shape.

 
  
 

Figure 3.11. Estimate viewpoints by using bounding box method

Figure 3.11 illustrates the strategy for generating a bounding box by collecting

3D points around the detected shadow area. Considering measurement constraints

and the geometry complexity, one viewpoint may not be able to cover the entire

region. Therefore, the bounding box may be separated into two or more bounding

boxes. The complete planning process can be described as following steps: (I) detect

a shadow region, (2) extract 3D points around boundary of the shadow region, (3)

cluster points into a “smooth” patch (Hierarchical clustering algorithm), (4) generate

a bounding box, determine the center location and the viewing vector of the box, (5)

find a viewpoint that satisfies all task constraints.

2. Development of gm for covering reflection region:
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Light reflection often causes a bright spot on images such that the information

of scene is not available. The reflection problem is especially sensitive on a glossy

surfaces, such as an automotive part made of sheet metal. Figure 3.12 illustrates the

reflection spot obtained on an aluminum board.

 

Figure 3.12. An example of reflection spot

Powder spray can effectively eliminate the reflection, but it introduces dimension

errors. Besides, many parts are not allowed to be painted. Solving the reflection

problem without powder spray is required.

An analytical model of light reflection is described in Figure 3.13: light reflection is

categorized into three parts: uniform diffuse reflection, directionally diffuse reflection,

and specular reflection [40]. Analysis using this analytic model will be very time

consuming. A simulation model, the Phong model [41], is widely used because of

the simplicity in computation. Similar to the analytical model, the Phong model

has three parts: uniform diffuse reflection IA, directionally diffuse reflection ID, and

specular reflection 13, which is formulated in Equation (3.23).

1

IR = KAIA + fi<KD(V - N)ID + KsIScOSn(V - R» (3.23)
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Figure 3.13. An analytical model of light reflection

According to the Fresnel law, the direction of reflection will principally depend

on the incident ray. Therefore, modifying projection and view angle can avoid light

reflection. Figure 3.14 illustrates the strategy to estimate new viewpoints: V is the

camera viewing vector, and N is the incident vector. 0 is defined as an angle between

the incident direction and camera view direction. 0 can be calculated by Equation

(3.24). Angle 20 specifies the size of the specular reflection cone.

 

t

 

 

 Ia)
Figure 3.14. Rotation of view direction to conquer reflection problem. (a) Sensor

setup with light reflection problem occurring (b) and (c) Avoid a detected brightness

spot by relocating the area sensor

9 = arccos(V - N) (3.24)
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For a bright spot, both of backward rotation and forward rotation can avoid specular

reflection, as shown in Figure 3.14(b) and 3.14(c) respectively. a is the angle between

the projection beam and the surface norm, and ,8 is the angle between the effective

view direction and the surface norm. The following Equation states that the rotation

of area sensor 6 has to be greater than 6 so that 3D surfaces in a reflection region

can be recovered by this new viewpoint.

a+fl—6>a—fi 6%)

fl> 6 (3.26)

3.3.2 Stability analysis (of the specific model in solving hole

problem

When apply the general framework to solve the hole problem, the error cost is assumed

to be zero. Therefore, the dynamic inspection process will be stable only when the

area of the hole is less than a threshold. And the cost function Q becomes:

Q 2 uk (3.27)

For a sheet surface with fewer geometric features, iteration times It could be small

and the feedback process can quickly reach the set point. As a result, holes are filled

by measurement on updated viewpoints.

3.4 Feedback design of the back-imaging system

The measurement using a single camera is an open-loop system, that means, the

measurement quality depends on the correctness of each step in image processing,

camera calibration etc. This open-loop system, again, cannot guarantee the quality
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of the measured point cloud is satisfied. Feedback design of the inspection system

provides a possibility to measure the part from different viewing poses, results from

different views can be used to evaluate and also improve the measurement quality by

properly designing the point cloud based controller.

I
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P2 : V2 v1 6

 

W1 U1
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Figure 3.15. Improve the measurement accuracy by adding more cameras

Figure 3.15 shows an example that how a new camera is used to improve the

measurement performance. Once the view vector U1 and the project vector W1 are

determined in the iterative searching, position P and surface normal V1 are reported

as the surface information. Based on the coordinates of this point P, a view vector U2

can be determined for another camera installed in the back-imaging system. From

image analysis, the corresponding projection point P2 can be accordingly. Vector

V2 can then be determined based on vector U2 and W2 following the reflection law.

Therefore, if the position P is the real surface point, theoretically, the angle between

the vector V2 and V1 will equals to 0. In real measurement, position P is a correct

position on the real part surface if the angle 6 between vector V1 and V2 is smaller

than a threshold. If 6 is larger than the threshold value, then the real surface normal

V equals to the average of vector V1 and V2. With the surface normal V determined,

position P can be updated on the view vector U1. By adding more cameras, the

surface normal V will be further close to the true value. Hence, the measurement
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quality can be improved.
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Figure 3.16. A networked-based back-imaging system

Adding new viewpoints by moving the camera with a robot arm is easy to be im-

plemented. However, unlike the robot-aided area sensing system discussed before for

measuring a lambertian surface, the developed back-imaging system requires certain

stability of the projection screen and the calibrated camera. Also, since the mirrored

image stays behind the glass surface not on the surface, images on different view-

points will be different with each other. Therefore, instead of using a robot to move

the camera, it is more reliable to setup a group of cameras for the enhancement of

measurement accuracy.

A networked sensing system is then designed to improve the measurement accu-

racy for the back-imaging system. As shown in Figure 3.16, multiple cameras are

installed for a certain piece of glass. The number of cameras that will be used for

surface measurement depends on how the averaged surface normal V is updated in

the feedback system. Since by adding more cameras, the measured surface normal

will be close to the real value, therefore the difference between the vector V, and

the vector in the last step Vn_1 will become smaller and smaller. Once the variation

between V,, and Vn_1 reaches a threshold, the feedback system will then stop and
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Figure 3.17. The flow chart of the designed feedback system

the vector Vn is used to estimate the position P. The entire process of the feedback

system can be seen in the flow chart in Figure 3.17
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3.5 Chapter Summary

In this chapter, a CAD-guided area sensor planning method is developed for the

automated dimensional inspection system. Shadow and reflection are two problems

that generate holes in a measured point cloud, which need to be compensated in

real time measurement. A visual feedback control is necessary to guarantee that

the quality of measured point clouds is satisfactory for dimensional inspection. A

theoretical model of such a feedback system is established in this chapter. The set of

viewpoints, can be updated recursively until it meets the measurement requirements.

For the back imaging system, since the camera needs to be fixed steadily for the

iteration-based searching algorithm, instead of moving the camera using a robot, a

group of cameras can be installed in the back-imaging system. The feedback system

then automatically add more images from different viewing poses to verify and im-

prove the measurement accuracy. Though more cameras are required in this case, the

cost of the entire inspection system is reduced because the robot is not necessary.
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CHAPTER 4

Data Analysis and Verification for

Quality Inspection

The previous chapters describe methodology to control the quality of point clouds.

Two problems are still remaining for quality verification: point cloud registration

and error map generation. The measured point clouds need to be stitched together

for representing the part surface, which needs to be compared to its CAD model for

quality inspection.

Registration of point clouds for quality inspection includes two tasks: match point

cloud to another point cloud and match a point cloud to a CAD model. Registration

of point clouds is to calculate a transformation between two data sets: either from

a point cloud to another point cloud, or from a point cloud to a CAD model. Many

fitting algorithms, include the well-known Iterative Closest Point (ICP) algorithm,

are developed for point cloud registration. However, the best fitting strategy is not

proper for quality inspection because the algorithm itself assumes the two data sets

need to have identical geometric shape, such that the algorithm finally converges.

For quality inspection, best-fit algorithms cannot satisfy the requirement of detecting

shape errors. Therefore, many fitting-based registration methods cannot be directly
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applied to quality inspection. In this thesis, a weight-based registration method

is developed for the automated 3D shape inspection systems. Robot viewpoints,

surface features, gradients, and user-defined datum points are all accounted for to

obtain a transformation matrix for registration. In this thesis, the correctness of the

registration from a point cloud to the CAD model is determined by an error map,

instead of a minimized distance calculated by the best—fit of two shapes.

4.1 Point Clouds Registration

4.1.1 Registration using Robot Kinematics

Figure 4.1 illustrates the transformations that are required for point cloud registra-

tion. In Figure 4.1: {B}, {T}, {C}, {W}, and {P} represent the frames of the robot

base, the robot end-effector, the area sensor, the world, and the part, respectively.

Tg; , T7? , T3" , TIt" , T5" , and TC].D represent the transformation matrices from the robot

base to the robot end-effector, the robot end-effector to the area sensor, the area

sensor to the world, the part frame to the world, the robot base to the world, and

the transformation from the area sensor to the part frame, respectively.

Of these matrices, T; can be obtained using robot calibration techniques; TXV

and T)?” can be determined by the calibration of a robot workcell. Sometimes, the

calibration of T3] and T5" are combined as one problem of a robot part calibration,

which determines the transformation matrix from the robot base to the part frame.

The remaining problems, T765, T5 and T3,, are about the calibration of a vision

sensor in a robotic system. Among of them, calibration of T79 is often called a robot

hand-eye calibration [42].

If the platform’s motion accuracy is satisfied for 3D shape inspection, the robot

hand-eye relationship T79 can be directly used to register point clouds into the robot

base frame. For example, if a CMM is used to move a 3D scanner, the measured data
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Figure 4.1. Coordinate transformations to the robot based frame in the automated

dimensional inspection system

on each viewpoint can be transformed into the CMM base frame. The advantage of

this type of system is that once T? is pre—calibrated, on any viewpoint, point clouds

can be automatically registered together for error map generation. However, such a

motion platform becomes costly to many applications.

If a 3D scanning system is implemented on an industrial robot and the motion

accuracy is not satisfactory for 3D shape inspection, then the alternative way for

point cloud registration is to calibrate T5“, the transformation from viewpoints to a

world frame, as long as the robot motion repeatability is good enough. As shown in

Figure 4.2, W is the world coordinate frame, which is predefined in the measurement

workstation. The robot will move the area sensor to predetermined viewpoints, rep-
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Figure 4.2. Coordinate transformations to the world frame of the automated dimen-

sional inspection system

resented by V1 and V2. C1 and C2 are the frames of the area sensor, in which a

point cloud will be measured. T3; and T3; are transformations from sensor frame to

the world frame, which are required for point cloud registration. To determine TV

for viewpoint i, To]? and TE" are required:

T3” =T§.T}.V,z' = 1,2,3... (4.1)

A calibration gauge is used to determine TC}? and TE”. TI91 can be easily deter-

mined by setting up gauge at pre—calibrated locations in the inspection workstation.

Coordinates of control points on the surface of gauges are pre-determined. Since

a calibration gage is used, an ICP-based best-fit method will be valid to calculate

matrix T5 in iterations.

In this section, a ICP-based calibration method for obtaining T79 or T3, will be
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introduced.

1. Calibrate hand-eye relationship TTC, if the accuracy of the robot is satisfactory:

Usually, robot hand-eye calibration requires the calibration of the camera itself

first. Camera calibration has to deal with the problem of the camera character-

istics [43, 44, 42]. However, for an automated dimensional system, an optical

3D scanner is mounted on the robot end-effector which is able to acquire 3D

coordinates directly, and hence, T7? can be obtained by carrying out T5. We

begin with the following relationships:

T C P W _ W

TB ' TT ' TC ' TP — TB (4.2)

C __ T —1 W W -l P —1

TT — (TB) ° TB ° (Tp ) - (To) (43)

Equation (4.2) establishes the transformation relationship of the automated

dimensional inspection system. Therefore, T? can be calculated from the matrix

(T5)‘1, assuming that T5, TIKV, and T3, are known, as shown in (4.3). Thus,

the only problem left is to calibrate the matrix T5.

2. Calibrate each viewpoint T5”, if the robot accuracy is not within tolerance, but

the robot repeatability is satisfactory:

Equation (4.4) shows the method to calibrate the transformation from one view-

point to the world frame: knowing a calibration part frame T13" , matrix T5 is

the only required information need to be derived.

T5 = T5 . TE." (4.4)

Therefore, in both situations, the transformation from the 3D scanner frame to

the part frame is required. The following subsections describe our method to derive
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T5 in details: we first introduce a quatemion mathematical model; and then briefly

describe the developed 3D shape measurement method using an area sensor; and

finally discuss an ICP-based transformation calibration.

4.1.2 Transformation using the quaternion algorithm

A quatemion is an extension of a complex number, which is defined in the form,

q = (10 + (bi + (123 + qsk (45)

where i, j, and k are orthogonal 3D vectors. A quaternion can be treated as a 4D

vector. A unit quaternion q has norm of one and can be expressed by

q = (303(6/2) + sin(6/2)V (4,6)

where 0 is a rotation angle and V is a unit vector that represents a rotational axis.

Then, a unit quatemion q represents an arbitrary rotation with parameters (V, 0) in

a 3D space. A quatemion based rotation matrix, therefore, becomes:

(18+ (If — €12 — (1% 291142 — (1043) 2(4143 + (1092)

R. = ] 2(q1q2 + (1093) 613 - (II + £13 - (1:? 22012923 — q20q1) 2

i 2(4193 — (10(12) 2(Q2Q3 + (1091) (10 - C11 - Q2 + (13

Therefore, the coordinate transformation (a rotation matrix R and a translation

vector T) from the area sensor frame to the part frame can be solved in two steps

using the quatemion algebra:

X Xc XC

Yp :12 Y. +T=qo Y.

Z? 2. Zc
where 0 denotes a quatemion multiplication and q“ represents the conjugate of the

o (1* (4.7)

quatemion q. Let Pp denote the coordinates in part frame (P = [X, Y, Z]T) and P(C)

denote the coordinates in sensor frame (P(C) = [X(C), Y(C), Z(C)]T). We obtain:

9(1),, + Pep; — sic/“)3: — T = P0 — P,» (4.8)
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where 9 represents a skew symmetric matrix. For m points employed for calibration,

rotation parameter a: can be calculated by solving the following system of linear

equations:

C(M, + I‘ll-)2: = M,- — Ni, where,i = 1, 2, ...m —1 (4.9)

After a: is solved, V and 6 can be obtained by

V = iv/llfb'll (4-10)

6 = 2atan(xmax/Vmax) (4.11)

Therefore, the rotation matrix R and the translation vector T are found by:

VA9+CQ V59 VVA9+V

R: VVAg+VSg Vi/“AZJFCZ VVAg— 145'.

151/3219 —l/ySQ VVyAg + V339 yVAg + 09

T: Pp—R-PC (4.12)

Where /\6 = 1 — cos(6), C6 = cos(6), and S6 = 3271(6). To calibrate the matrix T5,

the 3D coordinates of points in both area sensor frame C and part frame P need to be

determined. Coordinates of points in part frame P can be predetermined by making a

calibration gage, while the corresponding points in area sensor frame C can be easily

calculated from a 3D shape measurement as described in Chapter 2.

4.1.3 Robot Hand-eye Calibration using ICP Method

In this section, an ICP-based method is implemented for the area-sensor-based robot

hand-eye calibration. The ICP-based algorithm works properly for robot hand-eye

calibration because the calibration part is well fabricated such that the shape is close
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enough to its CAD model, which satisfies the requirements to apply an ICP-based

algorithm.

PC 2‘ {192(331'73/2'1 Zi)]Z 1‘ 1, 2...m} (4.13)

Mathematically, a point cloud PC is a set of 3D points and the CAD model of

a calibration gauge can be tessellated into a set of triangles, shown in (4.13). The

developed ICP-based calibration algorithm is used to determine the transformation

matrix T5 between PC and SM. Symbol m and n are used to represents the total

number of points in the point cloud and the total number of triangles in the CAD

model. Usually, m is much larger than 72., because m is related to the resolution of

the area sensor, and n is the number of triangles tessellated from the CAD model of

the calibration gauge.

Like many existing ICP-based algorithms, our calibration method is a recursive

process; each loop has two steps:

1. For a point in the set PC, find a closest point N(K) in the CAD model. When

using the triangle representation, a point set PM can be extracted from the

CAD model.

2. Compute a transformation matrix T such that for a series of points P(j), the

moved points (T - P(j)) are close to their corresponding points N(j) in set

P(M), with a cost function:

. M

1,: 21m (191') — 12.112 (4.14)
j=1

Equation (4.14) can be minimized in the least squared sense. Once P(j) and

N (j) are determined, the quatemion-based method can be applied to calculate the

matrix T. Subsequentness, a new series of points N (j ) can be found. This process is

iteratively executed until the function A converges to a predefined threshold.
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The closest point is often calculated using a point-to—point distance. An alterna-

tive way is to use a point-to-plane distance, which was introduced in [45]. The reason

is explained in the following.

One problem to register a point cloud to a CAD model is that the point densities

of two sets can be very different. A point cloud often contains more points than a

CAD model. As shown in Figure 4.3(a), T1 and T2 are two triangles in a tessellated

CAD model. Points 111,712 and 113 are extracted from the CAD model. And p1,p2

and p3 belong to a point cloud. When the point-to-point distance is applied, both

191 and p2 have n1 as their closest point, which raises ambiguity in determining the

closest point. This can be solved using the point-to—plane distance. As shown in

Figure 4.3(b), according to the surface gradient of each point, a projection from the

set of the point cloud to the set of the CAD model can be established, therefore each

point in the point cloud would have a unique point in the CAD model. Point-to—plane

distance is also applied in developing the error map.

.p3     p2 p3 aplpz o

(a) (b)

Figure 4.3. Solve the ambiguity of the closest point for the ICP based calibration

algorithm. (a) point-to-point distance (b) point-to-plane distance

The entire process of the ICP-based algorithm for the area—sensor-based robot
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hand-eye calibration can be summarized in Figure 4.4. More often, since the threshold

of At is not easy to predefine, the system converges when the change of A73, (5, is close

to l:
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Figure 4.4. The flow chart of an area-sensor-based robot hand-eye calibration using

an ICP algorithm

curvature K and mean curvature H:

fuufvv — 37)
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H

f(u, ’U) = k0 + [€116 + k2?) + K3712 + K4712 + K5122 (4.18)
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21:

Cu

3f
fa: 5;;

, f, = (4.19)

a2f 82f a2f
fun — 5?, fuv — m1 fvv — 6—“; (420)

where f is the surface function described by (4.18). The first- and second-order

surface gradients are given by (4.20). The surface features can then be categorized by

K and H with a ”neighborhood voting” technique: for each point in a point cloud and

a CAD model, a label such as peak, flat, and valley etc. are defined according to the

gradient pattern of its neighbor vertices. Therefore, a point cloud can be registered

to its CAD model by matching up the pattern of the labels. The entire process can

be summarized by the following sequence:

1. Determine the surface gradient of each point in the point cloud and the CAD

model.

2. Calculate the Gaussian curvature K and mean curvature H according to the

surface gradients.

3. Label features according to the value of K and H.

4. Register the point cloud to the CAD model by matching up the labels of the

geometric features.

4.3 Integration of user-inputs to a weighted point

cloud registration method

Usually, the measured part need to be assembled with other parts. Therefore, several

user specified locations are used to connect as links to the other parts. Those points,

once defined, will significantly determine the transformation of a point cloud in its
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CAD frame. Meanwhile, to align point clouds and CAD model together, user may

also need choose certain points, lines, curves, circles, plans as reference to anchor a

point cloud into CAD model, all of those user-inputs will becomes the most important

factors in solving point cloud registration problem.

V = All/a + A2Vfi + A3V, (4.21)

9 = min(2(NM,FNP(V,6))) (4.22)

To generate an error map, all acquirable information needs to be used to calculate

a transformation matrix for properly matching measured point clouds to the CAD

model. In 3D Cartesian space, representing a transformation by a rotation vector and

rotation angle, Eqn. (4.21) and (4.22) show how to calculate the rotation axis and

rotation angle: If Ta represents the transformation matrix derived from kinematics

of motion platform, T6 represents the transformation matrix derived from geometric

features, and T7 represents the transformation matrix from the user-inputs. Each

transformation matrix can be decomposed into a rotation R and a translation t using

the quaternion algorithm. For those three rotations, i.e, Ra, R6 and R7, they can

also be represented by three rotation vectors Va, V6, V7 and three rotation angles

60, 66, 67.

The finalized rotation vector V is a weighted result of those three rotations. And

the weights A1, A2, and )3 can be predefined according to the prior information of

the part and the inspection system:

As shown in the above table I, user-inputs receive the most consideration of the

weights: when user-specified surface points are more than six, the registration trans-

formation can almost be determined uniquely without knowing other information.

However, if user inputs are less than required, registration will more depend on the

calibration of the viewpoints and the available surface features; if the part surface is

a sheet metal part with few features, registration will mainly be determined by the

motion platform.
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As shown in the above table I, user-inputs receive the most consideration of the

weights: when user-specified surfaCe points are more than six, the registration trans-

formation can almost be determined uniquely without knowing other information.

However, if user inputs are less than required, registration will more depend on the

calibration of the viewpoints and the available surface features; if the part surface is

a sheet metal part with few features, registration will mainly be determined by the

motion platform.

Once the rotation axis is determined, the rotation angle 6 can be calculated such

that the average surface normals of the point cloud and the CAD model are equal to

each other. As shown in (4.22), NM and Np represent the average surface normals

of a part and a point cloud, FNp is a function of Np with respect to transformation

parameters V and 6. The rotation angle 6 is determined by minimizing the angle

between the surface norms of the CAD model and the rotated point cloud.

4.4 A link clustering algorithm for point cloud fil-

tering

Outliers is usually generated by intensity error. When the area sensor loses its focus

for camera/projector lens, it can also cause outliers in a point cloud. There are often

two types of outliers: one type of outliers exist randomly because of intensity noise

or dark spots on part surface. The other type of outliers often stay at the boundary

of a shadow region, which usually caused because the limited boundary illumination

condition.

The first type of outliers are similar as a pulse function in signal processing. It

can be easily removed by many filters using the 2D image processing techniques.

The second type of outliers, which often form a stripe of points, is not easily to be

identified and removed.
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The second type of outliers, which often form a stripe of points, is not easily to be

identified and removed.

Since a point cloud is developed from a 2.5D height map, in which the unit of X/Y

axis is usually in pixel and the unit of Z axis is in mm. Therefore, filtering techniques

of 2D image processing may also be applied for 3D point cloud filtering, as long as

the it removes noise without changing other data points. It has to be noticed that

many smoothing algorithms cannot be applied because the data points are modified

such that the small defects like dints/dents cannot be distinguished any more.

In this paper, we use a link clustering algorithm for identifying and removing

outliers. As shown in Figure 4.5, the clustering algorithm iteratively labels data

point in the 2.5D height map till each point is assigned to a class. After the labelling

process, all points are classified into groups to form several patches that are “linked” to

each other. The link distance threshold between two neighbor points can be adjusted

according to the resolution of area sensors. This distance is usually set to 0.1—0.5mm,

according to the continuity of surfaces. For a smooth surface, a class of data patch

can contains thousands of points. On the contrary, multiple small data patches will

be generated on a terrain surface with many steps and corners.

The calculation cost of this link clustering algorithm depends on the surface prop-

erty, it is usually fast for a point cloud measured on a smooth surface. But even on

a terrain surface, the entire process can be done with in 1 minute for a height map

with 1024 x 768 points.

4.5 Surface-oriented error map generation

Error map is a color-coded map that is often developed from its point cloud and CAD

model. This color-coded error map is actually a modification of Z coordinates: the X

and Y coordinates of an error map are same as the point cloud, whereas the Z coordi-
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Figure 4.5. Flow chart of a link clustering algorithm for outlier filtering

mates of an error map is the distance calculated from a point to its closest triangle. It

is necessary to point out that, this color-coded map is used to visualize the dimension
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differences between the manufacturing surfaces and the design surfaces. It is more

emphasize on the relative surface manufacturing error than the absolute shape error.

In another word, the color distribution all over the map is more important because it

reveals problems in the manufacturing process. Correction of increase/decrease force,

temperature, time, voltage/current will be designed accordingly based on this color

distribution, or generally called, an error map.

P2

 

'
3

V3 B

V1

 A

(a) (b)

Figure 4.6. Closest distance of a point to a triangle. (a) Projection of a measured

point falls inside of a triangle (b) Projection of a measured point falls outside of a

triangle

In general, the error of a point is calculated as its distance to its closest triangle,

which is determined according to two conditions:

1. The shortest distance of a measured point to the center of a triangle.

2. The projection of the measured point has to be in the triangle.

As shown in Figure 4.6(a): N is the norm and point E is the center of a triangle

AABC, for a measured point P1, 6 is the angle between two norms and the value
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Eqn. (4.23): N V

' EPl

IN || ‘|| VEPI ll.

Therefore, if point D is in the triangle AABC, the sum of angles among three

 

LEPl’ = LEPl ' l (423)

vectors V1, V2, V3 equals to 21]. If not, point D will be outside of this triangle, as

illustrated in Figure 4.6(b).

Zone II

  

   

....... Measured surface

 Designed surface

T3 CAD model

 
 

T1

Figure 4.7. Calculate error distance of a point to its corresponding triangle

Figure 4.7 illustrates the strategy to calculate surface error. In Figure 4.7, there are

three types of representations of a part surface, (1)a designed surface from CAD/CAM

modelling software, (2)a tessellated CAD model that contains triangles for represent-

ing the free-form surface, (3)a cloud of points used to represent the measured surface

on the manufactured part. The designed surface, though it should be used by defi-

nition to derive an error map according to a measured point cloud, is often replaced

by a triangulation model in calculating an error map. The reason is that the calcu-

lation of the distance from a point to a free—form surface cost more time, considering

a large auto part that has millions of points measured for dimension inspection. The

approximate error between the free—form surface model and the triangulation model
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lation of the distance from a point to a free-form surface cost more time, considering

a large auto part that has millions of points measured for dimension inspection. The

approximate error between the free-form surface model and the triangulation model

is usually controlled by the dimension of a triangle, the maximum approximation

error, the largest distance of a point from a free-form surface to its triangle, can be

controlled under as small as to several micrometers. Many triangulation software had

implemented this functionality. Therefore, in this paper, the CAD model tessellation

error is not included in the error map. The error map is derived according to the

measured point cloud and the triangulation model of a part surface.

The process to calculate an error map is:

1. Calculate the norm of each triangle of a CAD model.

2. Find the closest triangle of a measured point in the CAD model.

3. Calculate the distance of the measured point to the its triangle.

4. Check the neighbor triangles of the closest triangle: if a measured point falls

into multiple triangles, the surface error will then be calculated from the shared

triangle boundary to the measured point. For example, point P2 and P4 of

zone I and zone 11 in Figure 4.7.

4.6 Chapter Summary

For an automated dimensional inspection system, point cloud registration cannot be

executed based on best-fit algorithms. The common ICP-based methods, although

they have been adopted in many applications, are not feasible for dimensional inspec-

tion. The absolute shape deviations can be determined by coordinate transformation

techniques. A novel robot hand—eye calibration method is developed in this chapter

to calculate the transformation matrix from the 3D area sensor to a common world
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frame, which is used as the coordinate system of point clouds. To guarantee the point

cloud match to the CAD model for error map generation, user defined datum points

and part surface features are also integrated in the calculation of registration matri-

ces. A weighted registration approach is then developed in this chapter for matching

point clouds.

Besides point cloud registration, a link clustering method is proposed in this chap-

ter which is designed to remove the outliers of a 3D point cloud. Point-to—plane dis-

tance and a surface-oriented error calculation method is also developed in this chapter.

After all of the above techniques are applied to the measured point clouds, a color-

encoded error map can then be developed to visualize manufacturing dimensional

CI'I'OI'S.
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CHAPTER 5

Experimental Results

This chapter shows the experimental results of the developed 3D area sensor, the

automated dimensional inspection system, sensor and system calibration and the

results of the developed back-imaging system.

5.1 Lambertian Surface measurement using the

Automated Dimensional Inspection System

Figure 5.1 illustrates the developed automated dimensional inspection system. The

area sensor is made by a Sony XCD710 camera and a Plus V-1100 digital projec-

tor. One Matrox image grabber is used for image collection. The software of sensor

planning and point cloud calculation are developed using C++.

5.1.1 Calibration Setup and Implementation Steps

The calibration was implemented on a DYNA 2400C NC machine, a reference board

was fixed on the platform of the NC machine and can be moved along 3 directions.

Figure 5.2(a) shows the calibration setup of area sensor parameters d(:r,y), S(x,y)

and XY plane offset angle a. Figure 5.2(b) shows the calibration setup for calibrating
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Area Sensor Computer and

Image Grabber

Inspected Part

 

Figure 5.1. An automated dimensional inspection system

exploding vector K to calculate correct X and Y coordinates.

 
Figure 5.2. Calibration setup on a DYNA 24000 NC machine. (a) calibration for

acquiring depth information (b) calibration for obtaining a 3D point cloud
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There are six steps to get d(:1:, y), S(:I:, y), and a(a:,y):

1. Using the GCLS method, generate and project horizontal stripes (hi,z’ = 1...m)

and vertical stripes (vj, j = 1...n) onto reference board sequentially, m,n are

used to represent the number of the coded lines. Record all images for analysis.

2. For each pair of detected horizontal and vertical lines (hi,vj),i = 1...m, j =

1...m, calculate the coordinates of the intersection point P0(hi,vj),i =

1...m, j = 1...n. Points P0(hz', vj) are encoded points on reference plane.

3. Move the calibration board forward one step, repeat the step 1 and 2, find the

corresponding point P1(hz',vj),z' = 1...m,j = 1...n.

4. Repeat step (3) 30 times, find all groups of corresponding points

Pk(hi,vj),i = 1...m,j = 1...n,k = 1...30. Points Pk(hz’,vj) represent encoded

surface points.

5. For each Pk(hi,vj),z' = 1...m,j = 1...n,k =1...30, find the vector POPk(z’j),

calculate the angles ak(z’j ), k = l...30 to the stripe gradient, result of a(ij) can

be obtained by taking average of angles ak('z'j),k = 1...30. Figure ?? showed

some of the detected corresponding point pairs.

6. Calculating (d'z'j, Sz'j),z' = 1...m,j = 1...n using Equation (2.7).

Figure 5.3 illustrates the calibration process of collecting data of control points.

The reference board was moved 30 times with 1mm each step toward the area sensor

viewing direction. The control points are calculated in sub-pixel resolution by using

a line fitting method.

A measurement on a known height flat surface was used to evaluate the calibration

result. A statistical result is shown in Table III, in which when applying more cali-

bration points, the mean of the measurement error is closed to 0mm with a standard

deviation of 0.0162mm. It has been analyzed in Chapter 2 that the baseline distance
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Figure 5.3. Calibration by moving the calibration board with patterns of control

points

d has a great impact on the measurement accuracy. Increasing the baseline distance

d can dramatically reduce the measurement error.

Table 5.1. Measurement accuracy after calibration

 

5.1.2 Measurement performance of developed area sensor

A well fabricated gauge is used to evaluate a sensor measurement precision. As shown

in Figure 5.4 there are four slots machined with different depths, from left to right:

32 :t 1pm, 24 :t 1pm, 14 :t 2pm, and 6 :1: 2pm. The right side of Figure 5.4 shows the
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measured point cloud of the gauge, in which three of these slots has been detected,

only the slot with height 6 i 2pm may not be seen clearly. Therefore, the precision

of the developed sensor is specified to 14pm, within a 200mm x 150mm measuring

field.

   
(b) Pomt cloud measured

before calibration

  
(a) A well fabricated gauge (c) Point cloud measured

for calibration evaluation after calibration

Figure 5.4. Testing sensor precision using a gauge (Four slots were made on the gauge,

from left to right, the depth are: 32 :1: 1pm, 24 :l: lam, 14 2t 2pm, and 6 :1: 2pm )

Figure 5.5 visualizes 3D shape of a computer mouse. The grey color represents the

surface depth to the bottom of the mouse. This point cloud can be used for humanoid

product design, which is extremely necessary in the mouse manufacturing industry.

Figure 5.6 shows an implementation of a robotic area sensing system for optical

dimensional measurement of a door panel in the automotive industry. Figure 5.7 and
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Figure 5.5. 3D shape of a computer mouse
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Figure 5.6. Dimensional measurement of a. door panel part using the automated area

sensing system

Figure 5.8 display the measured point clouds.
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Figure 5.8. 3D shape measurement of a surface with a big depth range

5.1.3 Inspection on an automotive pillar

Figure 5.9 shows a pillar that is used to test the developed automated inspection

system. Figure 5.10 shows a tessellated CAD model. This CAD model contains

22803 triangles.

Viewpoints are automatically generated according to the triangulated CAD model.

Figure 5.11 shows a viewpoint simulation. Height maps are generated first and then

converted to point clouds. Figure 5.12 illustrates two robot viewpoints during the

3D shape measurement.

Figure 5.13 16 shows individual point clouds measured on each viewpoint. This

set of point clouds are then matched together to represent the geometry shape of the

real part surface, as shown in Figure 5.14. The number of points in the overlap areas
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Figure 5.10. A tessellated CAD model of the pillar

of point clouds can be interpolated for better surface representation. Figure 5.15

shows the final point cloud. This point cloud can then be used for quality evaluation.

Figure 5.16 shows the side view of the measured point cloud of this pillar. By com-

paring the shape deviations using point-to-plane distance, an error map is generated

as shown in Figure 5.17.
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Figure 5.12. 3D scan on different viewpoints

5.2 Reflective Surface Measurement using the

Back-Imaging System

Figure 5.18 illustrates the setup of the developed back imaging system. There are

currently two camera with reduced field of view, a glass can be measured separately
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Figure 5.14. The measured point cloud of part pillar-m32510

and then registered together to the world coordinate frame of this back imaging

system. Figure 5.19 shows the process to identify the mark points from a back image.

The mark points is evenly spaced on the projection screen. Figure 5.20 shows results

of the vector-based camera calibration. By moving the calibration board, the 3D
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Figure 5.15. An interpolated point cloud of part pillar-m32510, top view

 

Figure 5.16. An interpolated point cloud of part pillar-m32510, side view

coordinates of any pixel on the image plane can be identified in deriving the viewing

vector.

For each marker point, the back-imaging system use image from andther camera

to verify and update the calculated results in feedback. Figure 5.21 shows the vectors

calculated in the feedback process.

Figure 5.22 and Figure 5.23 show current result using the iterative searching

method for the automotive glass measurement. Figure 5.24 shows a measurement

on part ch3201, which is a car’s side window. Matching measurements from another
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Figure 5.18. A back-imaging system for automotive glasses inspection

camera, the entire point cloud can. be seen in Figure 5.25
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(0) (d)

Figure 5.19. Detect marker points from the back image. (a) A recorded image, (b)

Identify pixels of top layer reflection, (c) Detected points, (d) An expanded view of

the detected pixels on the image plane

5.3 Chapter Summary

This chapter shows all experimental results of the developed automated dimensional

inspection systems. The developed area sensor can detect small depth change about

Mums, evaluated on a well-fabricated gage. Sixteen point clouds are measured and

registered together to form an entire point cloud using the proposed methods. For

the back-imaging system, top layer and bottom reflection are separated. Sensor view

vector searching methods are both displayed. The measurement results shows that

both methods are effective in obtaining the 3D shape of an automotive glass.
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Calibration Image 1

 

  

 

     
 

Calibrated View Vector (Top View) Calibrated View Vector (3D View)

Figure 5.20. Detect marker points from the back image. (a) Image of the calibration

board at position A, (b) Image of the calibration board at position B, H is the height

difference in the world frame, (0) and (d) Detected view vectors
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Figure 5.22. The measured point cloud using the iteration-searching method, side

view

111



N:

30?

Q360:88mnfiouaoméosdumfi23was:@530...anwouswmoa25..mm.mEsmE

44%!
4'4}7‘74

V

V

Divann

In.»

  

 

  

       

  

 
b

 

 

4'.

an. E51.#4.?AN}

.............................r$5<a{.0.

74V1‘..dw.‘

  

   

 

   

  

 

   

  

 

  

 

  

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

A
V
A

Y

  

 

.
v

:7VAVKVAV‘‘.érfira

W.v.u.wk»fimwwwnh§w5

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



113

Figure 5.24. Measurement of part ch3201, (a) A recorded back image, (b)
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CHAPTER 6

Conclusions

Based on the results and discussion presented in this study, the following conclusions

can be made:

1. The line shifting codification method, using square wave patterns, is success-

fully developed for 3D shape measurement. The line shifting method is proved to be

more robust and more accurate than the phase shifting method in solving the corre—

spondence problem. Sub-pixel image analysis becomes possible when the line shifting

method is utilized. The sensitivity of the developed area sensor is satisfactory to most

manufacturing industries.

2. An innovative pixel-to—pixel calibration strategy is developed for the designed

area sensor prototype. Quality inspection requires an accuracy measurement. The

traditional sensor calibration method calibrates the camera and the projector individ-

ually using a lens pin-hole model. However, a calibration residual always exists when

a real lens system is simplified as a pin-hole model. The pixel-to—pixel calibration

strategy does not assume all light projection and imaging beams pass through a sin-

gle point. Instead of that, the pixel-to-pixel strategy calibrates sensing parameters to

each corresponding pair, which significantly reduces calibration errors. Also, it needs

to be pointed out that the developed calibration method calculates the area sensor pa-
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rameters, whereas the traditional methods calibrate camera and projector separately.

Consequently, the developed calibration system is also much more efficient.

3. The CAD-guided sensor planning method is proved to be a practicable approach

for this automated dimensional inspection system. An initial set of viewpoints can

be generated that covers the entire part surface.

4. The 3D visual feedback control improves the measurement quality by esti-

mating viewpoints from the measured point clouds. Feedback control is especially

necessary for a shiny metal surface because of unpredictable intensity noise and to

set appropriate illumination conditions. The developed feedback control can success-

fully compensate sensor viewpoints so that a qualified point cloud can be obtained.

5. For a robot-integrated automated dimensional inspection system, point clouds

can be registered together to the CAD model using robot kinematics, part features,

user—specified datum points, and the ICP method. To obtain a satisfactory registra-

tion quality, all those factors need to be integrated for estimating the transformation

matrix.

6. An innovative back-imaging system is developed in this thesis for reflective

surface measurement. For this back-imaging system, two methods are developed for

measuring the 3D shape of an automotive glass. If the CAD model of a part is given,

a recursive algorithm can be applied for searching the coordinates of the surface

points. The feedback design is also proposed for the back-imaging system. By adding

more cameras at different viewpoints, measurement performance can be improved by

averaging the obtained results.

In summary, non-contact optical 3D surface measurement is more effective ap-

proach than a contact based measurement strategy using CMMs. To apply the state-

of-the-art 3D sensing technology for manufacturing inspection, an automated dimen-

sional inspection system is essential because the quality of measured point clouds

needs to be controlled. This thesis has developed a general framework for the 3D
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area sensor and a feedback-based automated dimensional inspection system. More-

over, as another main contribution in non-contact-based 3D shape measurement, the

searching-based back-imaging system is proved to be effective for reflective surface

measurement for the glass manufacturing industries.
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