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Abstract

Nowadays, it is critical to explore methods for dealing with worn and damaged
componentdecause of rising concerns over escalating emissions, resource depletion, and
other environmental issues. Remanufacturing and repairing have been considered
environmentally friendly manufacturing strategies to resist the ineregaswaste
production. Howeer, these processes are lacking automation support because compared
to the manufacturing process, stochastic returns of uses gratttheir uncontrollable
quality condition resultsn a high degree of uncertainty for the remanufacturing and
repairing proess. To fixhesdssues, theresearch proposed aims to automate and optimize
the processes by improving the research areas in three perspectives: damage inspection
(identification and localizationpominal volume reconstruction and process planning. The
developed methodology features (a) an intelligent inspection to support automated
classification and localization of damages from the-@dlidfe part; (b) an efficient
geometric reconstruction of the damaged part to support the damaged volume extraction;
(c) costdriven and collisiorfree process planning that support hybrid remanufacturing

processes.

Fromthe perspective of intelligent damage inspection, the RGB issagkdepth image
areacquired by a depth camera. Then, the deep learning neural network segments and
classify the damage. With that result, the spatial position of the damaged area is calculated
by the integration of damage segments #melpoint cloud. In the damage volume

extraction view, an efficient and precise nominal model reconstruction method is



developed, which includes the processes of StepRANSAC surface fitting, SDM refitting,
modelling, damage volume localization, and extraction. The result of reconstruction
significantly facilitates the repairing process because it does not require prior information
on the nominal CAD model. For hybrid remanufacturing, two hybrid manufacturing
strategies are explored separately in developing the coHierand costliriven proess
planning. In both systems, the level of automation of hybrid processes is strongly increased.
Finally, the conclusion, discussion and future work are followed. The proposed research
can be extended to investigate damage quantification, freeform sbeaed model

reconstruction, process planning for complicated cases in future work.
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Chapter 1: Introduction
1.1 Background

Fromthe World Bank reportcurrently, about 2.01 billion metric tons of municigalid
wasteis produced annually worldwid@eported in 2018and it estimateoverall waste
generation will increase to 3.40 billion metric tons by 2[5O0 Therefore, annual global
waste production will increase by 70% if current conditions per$is¢ increasing
economiadevelopments and owexploitation of resourcdsave been the princigl cause
of the increase in waste productif®]. The pressure fothe environment from the

increased waste production can be summarised in three perspgitives

1. Itresults in the permanent loss of materials and energy
2. As the current landfill sites are filling up, andeads tathe useof new sites

3. The waste left in landfill sites leatisthe increas of air, water and air pollutions.

To resig this change the modern industry is required to invest in environmental

protection measuremdcreateenvironmentallyfriendly manufacturingonceptg4i 8].

Figurel.1 illustrates a conceptual diagram of the product circulation that casdue
in environmentally friendlynanufacturingRepairis the most logical approach to extend
t he product 6irgthé prddect life kyclé. @he prbcesstiw correction of
specified faults or restoring its original formtbi product.Remanufaturing also called
Areincarnationod, is defined as being able 1t
of-life product by enablinghe material to be effectively used resulting in reduced waste
[9]. It is reported thatcompared to conventional manufacturitigg remanufacturingnd
repaiing processeduces cogip to 50% energyconsumption up to 60%naterialusage
up to 70%and air pollutiorup to 70%42,10].
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Figurel.1l: The concept othe product life cyclgmodified from[3]).

Itis worthto mentionthat, he t er ms fArepaiifhggohanme Deeman
as exchangeable words witieburred definitiois[3]. In this thesis, to avoid any potential
confusion, remanufacturing and repairing processes are distinguished, as repairing
rebuilds the part to its original shape, whereas remanufacturing upgrades the part to have

new functional features
1.2 Motivation

Although significant benefits can be gained from remanufactiaintyrepair there are

still numerous challenges to implemeéhémin the industry. One of the reasons is that,
compared to the manufacturing process, stochastic returns of pastsd and their
uncontrollable quality condition result in a high degree of uncertainty for the
remanufacturing/repairing procd€§. The uncertainty surrounding the return of the parts
complicates the process. To handle these uncertainties, remanufacturing is initialized by
inspectionsto determine the damage type (e.g. crack, dent, scratch, abrasion), damage
location and damage degree. The current visual or manual inspection methods require
extensive human intervention, and the quality of the process is hard to be stable. Besides,
extraction of the damaged volume is an essential work for remanufacturing. However,
research focusing on solving this problem is lacking, especially for a general situation in
which the nominal computetided design (CAD) model is missing. Another issubas

the computeraided process planning software toats lacking support for automation
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For example, feature extractiéor hybrid manufacturing (HMjeliesheavily on manual
operations that lack algorithm support; and the process planning rasufisn-unique
andthe quantitative evaluation mechanism is missing to support decision making (e.g.,
costdriven decision making). In order to address these problemsh#sis willexplore

the perspectives of inspectiodamaged volume extractiomnd process planning for

remanufacturingnd repair
1.3 ThesisObjectives

The objective®f this researclare outlined afollow:

1 O1: Develop a intelligentinspection method teupportthe automatedietection of
damage featureandlocalization of the defects from the damaged part.

1 O2: Developan efficient geometric reconstructiomethodfor the damaged part to
supportthe camaged volume extractipn

1 O3: Developa costdriven process planning method for hybrid addisudbtractive

remanufacturingprocesses
1.4 M ethodology

The proposednethodologyaims to automat@nd optimizethe remanufacturing and
repairing processes. The current remanufacturing and repairing m®cessbe improved

in terms of damage inspection, damage volume extraaiothprocess planning. The
contributions of this study in damage inspection are beneficial to both remanufacturing
and repairing processes. The contribution of damage volume extrastaiming to
improve the current repairing process. The framework of process planning is focusing on
remanufacturing. An overview of theethodologyis illustrated inFigure 1.2 and

explained next
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Figurel.2: Overview of theMethodology

With the input ofthe endof-life part to the system, outputs are following the thesis
objectiveslisted in Sectionl.3 The proposednethodologycan be divided intahree
research gaps with proposed soluticmsdamage inspectigmdamage volume extraction

andprocess planningThe more descriptions are givas follows:

1 In damage inspectignthe eneof-part is processed with the intelligent damage
inspection system, and the results are beneficial for process planning
remanufacturingand damage volume extraction mepair The damage inspection
system is proposed undée integratiorof deep learnindgpased image recognition and
spatial localization methad

1 The results of the damage inspection are transiting intdaimage volume extraon.
This module outputs the reconstructed nominal motldle damaged part to support
the camaged volume extractidar therepairing process he proposed nominal model
reconstruction method is based on a novel proposed surfacedjpimgach.

1 The module of process plannings specifically designed foa hybrid additive
subtractive process ithe remanufacturing context. The result of the damage
inspection is the starting point of this module and it outputs adrov&n and collision
free system fohybrid remanufacturing process planning. Thethodsproposed in

this module are including automated addisubtractive feature extractiodM rules,



featurebased cost estimation and precedermestrained operation sequencing

optimization.

The outputsof the proposed methodology conforto the three research objectives

presented in Sectidh3, listed as follows:

1 Intelligent damage inspection for remanufacturinggreng;
1 Efficientand precise nominal model reconstruction for repairing;

1 Costdriven and collisiorfree process planfor hybrid remanufacturing

1.5 Thesis Outline

Chapter Iprovidesthe background of remanufacturing/repairing and their relatiotigeto
product life cycle. The motivations are summarised foballengeselated tahe current
remanufacturing/repairing technologies. A brief statement on the objectives of this thesis
andthe overview of the proposed framework algo presented in this chapter.

Chapter 4s a general state of the art summary on the main topics covered in this thesis
including defect detection, damaged volume reconstruction and hybrid additive

subtractie for remanufacturing/repairing.

Chapter 3presents a deep learnibgsed damage inspectiand localizatiormethod
for theremanufacturinfjepairprocessThe proposed approach is dividetbitwo stages:
(1) damage recognition and classification; (2)tisthdocalization forthe damaged area.
The case study validated the efficiency and precision of the proposed method.

In Chapter 4ageometric reconstructiomethod forthedamaged mode$ proposedo
address the nominal model missing issues of the damaged plaet i@pairingprocess.
The proposed methoftatures a novel primitivbased surface fittingpproach This
technigue combines the StepRANSAC (step random sample consensus) surface fitting and

SDM (squared distance minimization) refitting, and this combination shows advantages in



precision and robustness compared with the traditional RANSAC meHmd case

studieswereconductedo validate the effectiveness of the proposed method.

Chapter 5describesa costdriven process planning method for hybadmpute
numerical control machining (CNC) and powder bed fusion (PBffeiremanufacturing
context.An automated additivesubtractive feature extraction method is developed, and
the process plamng task is formulated into a cestinimization optimization problem to
guarantee a highuality solution. Specifically, an implicit lewslet functionbased feature
extraction method is proposed. Precedence constraints and cost models are also formulated
to construct the hybrid process planning tasknastager programming model. Numerical

examples demonstrate the efficacy of the proposed method.

Chapter Groposed a costriven and collisioffree process planning method for hybrid
CNC and direct energgeposition (DED) for remanufacturin@he feature extraction
method isdeveloped under the level set framework, can extract optimal and ceflisen
additivesubtractive featureA case studywas conducted, and the results confirm the

correctness andfectiveness of the proposed method.

Finally, Chapter Aummarizes the work done in this thesis. Tiimi&ations and future

works are dicussed.



Chapter 2: State of the Art

Remanufacturing and repairing have been attracting attention as an emerging field due to
their contributions to the increasing in green manufacturing industries. They have been
already been applied to different products such as automobil¢igrtserospace turbine
blades [12,13] printer cartridge [14], machinery [15]. The concept of
remanufacturing/repairing is clearly distinguished from recycling and reuse. Recycling is
the use of raw materials which is obtained by dissolving or disassembling toéldad
products. Reuse is definemluse the product again after some simple repairs and cleaning,
without a manufacturing procef. Remanufacturing/repair is defined as an alternative
manufacturing process that allsthe endof-life products to be reommercialized as new
products. In this studyrepairing and rematfiacturing are clearly distinguished, as
repairing rebuilds the part to its original form, whereas remanufacturing upgrades the part

to have new functional features

Summarized from the literatuif@6i 18], the major stepsof remanufacturing/repairing
processesan be summarized defect @tection, damaged volumeconstructiomndHM
(seeFigure 2.1). The following sections in this chapter are providing comprehensive

surveys for eachtep

Remanufacturing/repairing process

_________________________________________________

‘ I
| |
] I : Damaged volume : . i i
Used part T Defect detection » = i Hybrid manufacturing [ Lo b
‘ reconstruction I
I
[ |

Figure2.1: The main procedures of remanufacturing/repairing.

2.1 Defectlnspection

The main purpose of defect inspection is to detectitimage type, damage location and
damage degresince these three factgotay a key role in process planning construction
for remanufacturing and repdit]. However, defect inspectias a challenging task for a

human operator, especially when dealing with small defeetsare not at all visible to

v



the naked eyeTherefore, Her digitalization the physical used part by data acquisition,
quickly and accurately detection damaged area from the digital data could be considered

as the starting point for the remanufacturing/repairing process.

There are twocategories of damage detections given in recent publication, through
collecting point clouds or images from the damaged component. The related works of these

two classes of methods are reviewed and summarized as follows.

2.1.1Defectl nspectionfrom Point Clouds

To transform fronthe physical world tahedigital world, reverse engineering starts with
geometric information acquisition by colleagithe points on the surface of the part. The
accumulation of these points is point clouds, that explicitly describiegsurface
geometric information of the part. the recent three decades, diverse technologieb
systemshave been employad point cloud acquisitions, such as coordinate measuring
machine (CMMN), triangulation, structured light and stereo scannjhg]. These
technologies are gradually replacing manual measuremeriaaitithting the process of
remanufacturing/repairing for accurate and quick colleaticthe geometric information

of the used partFor remanufacturing/repair, as the point clouds of the usedapart
obtained, it is important to detect and segment the damageframethe point clouds.

Of the methods surveyed, most defect inspeddipproachegrom point cloudsare
based on the point cloud segmentation methddscent comprehensive review for point
cloud segmentation methodsgenerally categorizetheminto five classesedgebased
methods, regiobased methods, attributbased methods, modehsed methods and
graphbased methodq420] (Figure 2.2). Edgebased methodq21i23] detect the
boundaries of different regions from the point clouds to segment regions. The principle of
these methods is finding the target points which have rapid change in the intensity. Edge
based methods allv fast segmentation, but they have accuracy issues since they are very
sensitive to noise and point cloud density unevenness, which usually happens point cloud

data[20]. In regionbased methodR4i 26], neighbarhood information is utilized to



combine nearby pointghat have similar characterizations to isolate regions and
consequently distinguish different regions. Regiased methaare not that seitg/e to

noise asthe edgebased method, howevethey have problemwith over or under
segmentatioif20]. Attributesbased method27i 29] are based on clustering attributes of
point cloud data. The limitation of these methods that the quality of deattrdolutes is
highly requiredModelbased method80i 32] use primitives (e.g. plane, cylinder, sphere
and cone) for grouping point based on RANSAC (RANdom [@antonsensus)33]
surface fitting. These methods are robust with outliers, but it is inaccurate in dealing with
different point cloud sources. Graplased methods consider the point clouds in terms of
agraph, and each point is corresponding to the vertéheigraph. Grapbased methal

[341 36] have better results with complex point clouds include noise and outliers, compared
to other methods. However, the main limitation of this kind of method is diffioul

running in reatime [20].

3D Point Cloud
Segmentation

| TV

Edge based methods Region based methods Attributes based Model based methods Graph based methods

methods

Seeded-region Unseeded-region
methods methods

Figure2.2: Taxonomy of 3D point cloud segmentation meth@dsn academic research
[20]).

Researches have devoted effoms defect detection from point cloud databy
implementingthesegeneric surface segmentation methatischcox and Zha¢37] have
developed a graphbased point cloud segmentation method ifoteractive defect
segmentation fromnorganize®D point cloud datavith application to aerospace repair.
The algorithm is an adaptation of random wdB&] from image segmentation, and the
implementation automatically labels disconnected graph comporvemish allows for
interactive and intuitive use directly on point clouds. This netpitovides a full pipeline
for extracting and quantifying a wide range of surface defects thhermomplex surface,
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such aghe aerospace turbine blade J o v a n | [89Vintrbduced a navél automatic
defect irspection method by analyzing 3D data collected with a 3D scaminglty, the
point cloud is preprocessed to remove the errors and outliers. Timmsegmentation
algorithm identifies the defects and their positiofsis algorithmis based on estimatj

the differences otturvature and normal information at every point fromrieghboring
point clouds to identify undesired defects as dents, protrusion or scratches. Bod0Et al.
developed an integrated method for automated surface deformations detection and
marking on automotive body panels.elttracs the damagedegion from input point
clouds by estimating the standard deviation of the surface normal &s@&anetric, which
removes uniform surface and remains fiaches containing shaper variations of their
normal orientationsThe positions of the surface defeare provided to suppatobotic

markingsystemthat handle pose and motion estimation of the part on an assembly line.

3D point cloudsbhased damagespectiontechnologies have beafsowidely applied
in other areas such as civil and plant facilities. Kashani & Graettjdgémtroduced a
clusteringbased feature segmentationtheal for light detection and ranging (LIDAR)
point clouds and applied in detection damages for building roofs. Shinozaki[42]al.
developed an automatic detection method to foadfslding and wearing on furnace walls

from largescale point clouds.

2.1.2Image-basedDamagel nspection

Computervision sensors have presented an alternative for data acquisitiosilecting
images from the physical part. Thereforepther damage deteationethod is based on

analyzing the input data of images from the damaged components.

The featurebased inspection method has beedely implemented foextractingthe
properties of images, including calp shape and textufd3]. An expert system can be
built for further classification based on the extracted featlgiesias et al[44] introduced
an automated inspection system based on feature extraction and studying the trait and

characterization of slat slalia.[45], adistinctma-ma de Al i ght and shadowc
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developed to extracted to identify weld deteétminzadehandKurfess[46] proposed a

new approach fothe thresholdselectionmethod to find the threshold value at the
boundary of the intensity ranges of defects and background by comparing the histogram
modes of the background and defective aréas.the featurdasd defectinspection
methods, the feature quality heavily relies on the experiences of the system designer.
Moreover, the designed feature extractars constrained to the application scenario,
which means ones the scenario changes, the designed fedtacte may not be suitable

[43].

Template matching is another methodology applied to defect detection, by matching
the images of the defetree reference and the defeet part.In [47], a fast normalized
crosscorrelation (NCC) computation was used for defiespection Crispin and Rankov
[48] proposed an improved templatetching approach for defect identifieatiand the
search foatemplate position was conducted by using a genetic algorithm. Kondé4&]al.
introduced a unified framework for detecting defects in planar industrial products based
on the template matching method through a robust geometric alignment method between
the template and test images. The template matdlasgd methodhave shown the
efficiency in detecting defects for the products with the prior knowledge of a template or
reference image. It has significant potentials to be applied to quality controlling in
production. However, this type of method has an intrinsic wesskfor defedinspection

in theremanufacturing/repairing context, due to the lack of template images.

Deep learningechniqueshave achieved substantial development in object detection
and classification from images in recent years, which uses a sklag®is of nonlinear
activation functions. With such structure, it enables to integrate feature extraction and
classification by optimization, and outputs expected label in the last layer. Benefiting from
this effective method, some researchers have beptementing deep learnifgased
algorithms in defect inspection problems. Masci et[%20] presented a MakRooling
ConvolutionalNeural Network(CNN) method forthe classification of 7 different steal

defects; however, their work was limited to a shallow neural netwarla modern
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implementation of a CNN in image classification, Wang §4al.presented a CNlWased
vision inspection method to identify and classify defective product with high agcura
However, image classification cannathieve all goal®f defect inspection, lacking
finding the position of the defect area. Many statéhe-art object detection methods
have been developed using the regiased CNN (RCNN) architecture. Mask &NN

as an extension of -RNN enables simultaneously object detection and instance,
segmentatiorf51]. It has two stages: 1. Images are scanned, andbjeet proposal
(bounding box to determine the objedtsyenerated; 2. The proposal is classified, and the
bounding box and mask are geated. Instance segmentation features the potentials to
address the localization problems of the defective area in-ditmensional (2D) aspect.
Ferguson et a[52] introduced an automatic defect detection method to identify casting
defects in Xray images, based on the MasliCRIN architecture. Zhang et al. developed

a vehicledamagedetection segmentation algtym based on transfer learning and an
improved Mask RCNN. However, their method can only find the damaged area from the

images directly in 2D which has a huge error matching to its position in the real world.

With the development of the techniques of RO8pth sensors, the semantic
segmentation has a great achievement in indoor sf&3le8y adding thelepth map, the
RGB-D image gives informatioaboutthe distance of the objects to the camBesides
the RGB and depth map have the corresponding relations in pixels. Guptd5€{ al.
developed a twstep method to apply different neural networks to RGB and depth map
separately to extract the corresponding features separately and classify by segiport
machine in the end. Song and Xig®] adopt a directional Truncated Signed Distance
Function encoding method to train the RGRlata in the CNN directly and outputs 3D

object bounding boxes.

2.1.3Summary of the Existing Defect Inspection Methods

Over the comprehensive review of the current publications, defects inspection methods
from point cloud canoffer accurate results based on surface segmentation techniques.

However, there are still some limitations of those methods, such as lacking a generalized
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algorithm to detect defective regions for all applications, disallowing to classify different

classes of damages, performing at low speed due to the computaticersdexp

In terms of the imagbased damage detection methods, the issues of damage detection
from point cloud data can be addressed througlid¢lee learning architecturidowever,
the existing methods mainly focus on object detection or semantic segnemab
senses. The spatial localization of the dardageea is a crucial task irthe
remanufacturing/repairing process. With the development of the -BGtardware
technologesand 3D semantic segmentation metswtliich are more promising to classify
objeds, it is important to employ these methods datamage inspectiotdowever, most
of the 3D semantic segmentation methods are applied for indoor objects. The great
performances of these methoddy on large RGBD training data[56]. Therefore,
developing a deep learnititased damage detection method from RBBata is urgently

demanded.
2.2 Damagel Volume Reconstruction

Damage volumeaeconstructionis an essential process ftire repairing pocess, as it
generates the&epositiontool-path for restoring the damaged components to original
geometries. There are two categories of damage votecenstructionmethods from
recent publications, depending on whether the nominal CAD model is avddalle

repairing process.

Whenthe nominal CAD model is available, the principle of methods is reconstructing
the damaged volume by guidance from the nominal maddll2], the reconstruction
process is conducted by employing pdmsurfacebestfitting technology that puts the
point clouds of the damaged part into the nominal CAD model cooedayastemZhang
et al. [57] developed a damage volume extractimethod based on aligning the point
clouds ofa nominal and damaged model and finding the intersection by casting the ray
with the nominal and damaged modéh [58], a four steps bediiting method was

proposed to reconstruct the missing volurHewever,in the most general casthe
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original CAD model is not available because of confidentiality issues, and occasionally,
the CAD model may not correspond exactly to the real f&8f. Therefore,the

reconstruction of the damaged part is an important step for SoAxefree repairing

Some research works have been witnessed on reconstructi@ADrsourcefree
repairing He et al.[60] introduceda curved surface extension approach to reconstruct the
missing volume based on continuous ctuva for blade repairingGao et al.[61]
proposed a reverse engineeringsed surface extension method to reconstruct the blade
tip. The reconstruction method [i62] resolves this issue by sweeping a surface across the
defective regionin [13,63,64] a novel algorithmwas developed to reconstrucimodel
of a defectiveregion of a turbine blade. The algorithm implemented the conce of
sectional gaussiap to extract prominent crossction (PCS) from a meshed modehen,
the extracted PCS information was used for samomated reconstruction of the
geometries for the turbine blad&i et al. [18] extended the PCSlgorithm for
reconstruction of other industrial parts, such as a wean gracketThe accuracy athis
methodis stronglydependent on the geometry completeness andesllicewith a larger

damagd area.

From the review of the current nominal model reconstruction approaches, it can be
concluded that they are heavily relgi on the surface fitting techniques to construct a
nominal surface to fit the point cloud tife damaged area. Therefore, a comprehensive

review of surface fitting techniques is given in the following section.

2.2.1SurfaceFitting

Surface fitting is still an oresolved problem in reverse engineering and computer graphics
[19]. Many research efforts have been devoted to aduhgdsis problem in the last two
decades. This section briefly reviews some methods that are related to the proposed
algorithm.The surface fitting can be considered as an optimization problem that searches
the optimal surface shape and location parameters by minimizing its overall distance to a

collection of points. Thereforéheformulation of the distanebased objective function is
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critical, which is mainly categorized into four types: (1) algebraic distaf@epoint
distance; (3) tangent distance; (4) squared distafé®f Algebraic distance is
straightforward which substitutes the measured points in the corresponding implicit
function of the target surface and then calculates the summation of errors. The algebraic
distanceis unable to reflect the accurate distance, but the calculation speed is fast. Point
distance is to calculate the shortest Euclidean distances from the measured points to the
target surface. The point distance is popular in computer graphics applijétpasd
reverse engineering67] because the equation is simple and stréogivard [65].
However the convergence is relatively slow, and the result is highly dependent on the
guality of the initial guess. The tangent distabesed curve or surface fitting is very
popular inthe computer vision community due to the faster convergence than the point
distancebased method. In terms of squared distance, Wang €6&.originally
introduceal the SDM for B spline curves, and Wang and ¥ab] applied this method for
guadratic curves and surfaces. SDM is a curvabaseed quadratic approximation of the
squared distancésom the point cloud to the target surface. Compared with other distance
measurements, the sged distance method can faithfully measure the geometric distance
between the points to the target surface. Moreover, the converge3io®la$é more stable

and faster than the other mentioned methods.

This nonlinear optimization for surface fitting is wetly used for reverse engineering.
However, it is still a challenge to deal with the noise and outliers in realistic scd®@jng
Additionally, the quality of surface fitting is highly dependent on the results of
segmentation and has a high requiretnan the initial guess. Fischler and Bol[&§)]
firstly introduced the basic RANSAChich later became one of the most weaibwn
algorithms to detect surfaces from the data sets that contain noise and outliers. It is an
iterative process that randomly samples a subset from the data points in each iteration to
estimate the corresponding ded parameters. Schnabel et[@ll] developed the seminal
paper for applyingthe RANSAC method irthe surface fitting. Li et al[31] and Le and
Duan[72] developed the GlobFit method and the global 3D segmentation, respectively, to
improve the robustness of the original RANSAC method by coupling local and global
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aspects of the fitting pkdem. Even though RANSAC has been extensively developed, it

is unable to reach high accuracy compared with thdinear optimization methods.

2.2.2Summary of the Current Damaged Volume Reconstruction
Methods

Based on the literature review, it is concluded that the existing reconstruction methods
mainly focus on turbine blades or some other specific cases. In most of the available
reconstruction methods, the damaged region is assumed tedidar shape, whitmight

not be true in reality. Accordingly, a damage reconstruction approach for
remanufacturing/repairingncluding identification of defects and reconstruction of the

original model, which is compatible with different types of damage, is urgently cheede
2.3 Hybrid Manufacturing for Remanufacturing/Repairing

In the past decade, additive manufacturing (AM) has gained significant attention and has
revolutionized the manufacturing paradigm. It is now a sophisticated process for
functional metal part fabricatio [73i 76]. AM has demonstrated various benefits,
including greatly enhanced design freedpfi], simplified supply chain management
[78], efficient raw material usage, and reduced environmental ifif@ctHowever, AM
techniques have certain limitations, such as long production time, poor dimensional
accuracy, and low surface qual{80]. Comparatively, subtractive manufacturing (SM)
(usually machining), as a traditional manufacturing process, is still indispensable for
producing parts with high surface quality and tight tolerance requirements, even though
its capacity for complicated part manufacturing is quite restricted. Therefore, HM has
emerged from a mixture of AM and SM to provide a more flexible, capable, aoie wefffi
manufacturing approach, which makes full
the same time, HM raises the capability of remanufacturing to a higher level, since features

can be flexibly added and removed.
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2.3.1AM for Remanufacturing and Repair

As an AM technique, Directed Energy Deposition (DED) has been extensively used for
repairing. Different aspects of it have been widely explored, such as laser parameters (e.g.,
laser power, feed rate, and traversing spg8itl), damaged geometry reconstruction
[58,63] energy and environmental impact analyp8sl13], and microstructure and
mechanical property analygi&4,82,83] The PBF technique has also been applied for part
repairing[84i 86]. In comparison with DED, the capability of PBF for remanufactuis
restricted because of smaller build envelopes and the limited accessibility of new material
deposition. For instance, the material can only be deposited on a flat surface but not inside
a concave structur&ome of the studies have investigated féasibility of PBFbased

AM technologies for building new features on an existing[&:84,87] They have found

that new features have fine microstructures and the interfaces between new features and
the existing part have good metallurgical bondiftgerefore, part repairing with DED and

PBF has both demonstrated high poten{i2as.

However, because of the poor dimensional accuracy and reduced surface quality of
additively manufactured components, SM is commonly implemented as-prposssing
operation to help repaired parts meet tolerance requirements. Recently, HM, combining
AM and SM for repairing or remanufacturing, has been actively investigated. Jones et al.
[89] reported progress toward an HM machine that integrates ¢éedding, machining,
and inprocess 3D scanning for flexible and lean remanufacturing of turbine blades. Zheng
et al.[90] proposed a 3D reconstruction and a ray or triangle intersection algorithm to
identify areas of a broken turbine blade that need repairing through Ht. dli[18]
developed a part repaig method which integrates the functions of 3D scanning, model
reconstruction, fine registration, and selection of the repairing method to restore a worn
component. Hascoé et al59] proposed a method to automate the repairing process of
metallic parts partially. In their method, defects were machined into aswéity and
the cavity was refilled by laser metal deposition with the aid of an inspection system.
Newman et al[9] and Zhu et al[91] put forward a remanufacturing framework that
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consisted of fused filament fabrication, CNC machining, and inspection. The method
enabled the remanufacturing of an existing part or even a recycled and legacy part by
reincarnating iinto a new part with enhanced structural features. Le §8&lextended

the idea of remanufacturing through a combined (i.e., hybrid) $Wistrategy. This work
focused on HM process planning based on feature extraction and knowledge interpretation.
In a subsequent study9], they investigated the environmental impact of the proposed
remanufacturing strategy compared with traditioapproaches (material recycling,
casting, and machining). Liu et 2] developed a desigior-remanufacturing method

under a levebket framework, which provides a solution for upgrading broken parts.

2.3.2Process Planning for Subtractive, Additive and Hybrid

Manufacturing

Design and manufacturing are two critical phases for product development, and process
planning plays an important rale thelink between design and manufacturing processes.
Process planning accomplishes the tasksaofelection of operation processes,
determination the sequence of operatidvigst process planning systems for machining
arebased orfeature techniqueg®3]. The featurebased techniques examine the topology
and geometry of a part and determine its definitions uiheédeature concept. To achieve

this, a design model of lowdgvel entities (lines, poistetc.) is transformeihto a feature

model of a highelevel entity (holes, pockets, etc.). It leads a machining operation to be
an intermediate or final state of a machining feature. In orgerform process planning,
severakkills are required from process plamgesuch as understanding the requirements
for the manufacturing parts, the interactions between part, manufacturing, quality and cost,
knowing machine toolg§94]. However, inthe modern manufacturing industry, it is very
challenging to finda skilled labaur force in process planning. Based on this motivation,
theautomated process planning in machining has been develoteddst three decades

[931 100], with typical studies lying omool selection[98,101,102] setup and fixture
planning[103i 105], selection of and sequencing operatif® 95,99] and determining
machining precedeng#&00].
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Process planning for AM has been concentrated on recéirilike the machining
processthe AM process generally is a single operation with building part taydayer.
Therefore, the issuesdluding tool selection and sequencinghemachining process are
not existing inthe AM process. The AM process does not require skillsHfeoperator in
terms of planning aa machining process. Whereasith the involvement of support
structures, the building direction and tgualth planning are more crucial the AM
process, which haa significant effect on building time and building qualiost AM
process planning research has focused on build directionipation[106i 108]and toot
path planning109,110]

Recently,HM has gained significant attention, whicambinesAM6 s advant ages

building complex geometries artM6 s benef i ts of di mensi onal
guality. HM is creatinghuge @portunities in the design and manufactureheffinished

part, and also in remanufacturing and repairing of Wwiglhe componentd 11]. It has the

ability to add and remove materidlsathelp to address different geometrical challenges,
such as internal and

[112]

over hangi ntgf Isyt& urcd tuire s

Table2.1: Commercial hybd machines from industry.

Additive Subtractive

Product Company Ref.
process process
Hybrid Directed .
Ambit™ Manufacturing energy S-axis CNC [113]
. = milling
Technologies deposition
LASERTEC 5-axis direct . "
65/125/4300  DMG MORI energy >raxs CNC [ﬁg‘]
3D hybrid deposition 9
: Directed 5-axis CNC
INTEGREX k Mazak energy milling and [117]
400S AM e 4
deposition turning
VC-500A/5X 5-axis hot wire 5-axis CNC
AM HWD Mazak deposition milling [118]
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6-axis laser

CybaCast Cybaman 6-axis CNC
Hybrid Technologies dpowo_lgr milling [119]
eposition
WEL Millturn WFL Mllltur_n Laser ppyvder 5-aX|s'CNC [120]
Technologies deposition turning
5-axis laser ,
MPA 40 Hermle powder S-axis CNC [121]
I milling
deposition
OPM250 Sodick Lasermetal e milling [122]
sintering
LUMEX Powder bed -
Avance25/60 Matsuura fusion CNC milling [123,124]

Table2.1 lists the commercial hybrid additi@ibtractive machines from the industry.
It worth to mention that only integrated hybrid machine in a single platform is discussed
here and thélM processewhich are performed in sperate machines are more common in
the industry[111,125] The HM configurations from academic research are summaries
from [111] (seeFigure 2.3). The figure shows th&M operations are limited to CNC
machining Similar to industrial machines, the DED process dominate&Nhprocesses,
with a small case of PBF and material extruskmemanacademic perspective, it can be
witnessed that these systems are largely built upon the existing commercial CNC machine

tools, with adaption in the form of DED technologies integration.

HM hardware technologies are striding ahead, howéeherprocess planning tools to
support their incredible potential are falling behifi@6]. Some commerciaprocess
planning software has already been used in industrial hybrid systems, such as Siemens NX
used in DMG MoriSeiki, LaserTec 65 3D, and hyperMill used in Replicator and Cybaman
[111]. The major limitation of these commercial tools is the poor support for automation.
For example, AM and SM feature recognition is manually conducted that highly relies on
t he
remanufacturing problems is very tedious, and the quality of the derived process plan can

us er 0sThekcomsegleaced gsethéthe process planning of complex

hardly be evaluated. Therefore, ¥ rules are not integratedtotthese software td®.
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Academic WHASP Research

- Selective
I CNC Machining | Laser Erosion

¢ Ny

Directed Energy Material Powder
Deposition Extrusion Bed Fusion

Industrial Robot &
5-Axis Machine Tool

Commercial 3-Axis
Machine Tool

Commercial 5-Axis
Machine Tool

MNewly Developed ‘Commercial
Machine Tool SLM Machine

Spindle-Mounted
Additive With
ATC

Separate Additive &

Subtractive Machines Permanently Mounted

1 » Jones et al., 2010 iti
(Collaborating) f?gilltrl:t:l;.l:?
» Fessler et al. 1996 » Akula &

» Yarrapareddy &

Kovavcevic, 2007 Karunakaran, 2006

» Akula et al., 2006

» Karunakaran et al., 2008
» Karunakaran et al., 2009
» Karunakaran et al., 2010

Y

[o) P Leeetal, 2014
Separate Additive & Spindle-Mounted Permanently
Subtractive Machines Additive WO Mounted
(Robotic Transfer) ATC Additive Head
» Merz ot al., 1994 » Nowotny et al.,2010) | » Himmer ef al., 2003 v
» Amon et al., 1998 » Kerschbaumer & o
Ernst, 2004

» Song et al,, 2005 Reconfiguration via
» Ren et al., 2006 Parameter Change
» Song & Park, 2006
» Xiong et al., 2008 > Yasaetal, 2011

Figure2.3: A breakdown of the hardware configuration (from academic resgstdl).

In recent yearsgesearches have drawn attention to process plannitigefidiM process.
Manogharan et al127] introduced an HM process planning method that integrated a
visibility analysis of machining, sacrificial fixturing technology for electron beam melting,
and toolpath planning. Joshi & Ananf 28] presented a novel method for decision
making among AM, SM, and HM, along with optimaédrt decomposition, where the
objective is to minimize manufacturing complexity. Chen et[BH29] observed that
complex AM components might have the tool accessibility issue, in which the cutter
cannot access t he dewlopedas optinnzatierr aigarithm forTHMe y
process planning, which derived the optimal HM process plan of an arbitrary geometry
that was free of machinability issues. Kerbrat e{E30] developed a new desigdar-
manufacturing approach, comimg AM and SM in a hybrid modular vision. In their work,

manufacturability indices were evaluated from the design parameters (geometry,
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dimensions, material information, and specifications) of the part CAD model. These
indices led to the decision on thteuctural features to be manufactured by AM or SWu

et al.[131,132]and Newman et a[9] presented a hybrid process planning tool entitled
iAtractive, combining CNC machining, fused filament fabrication, and irigpeprocess

for complex plastic components including internal structures. The inspection was
integrated with the AM and SM operations to provide a ckbseq for the insitu process

plan update. Behandish et §l26] developed an HM process planning approach that
formulated HM processes through logic representations. The method could enumerate all
the possike sequences of processes to find the optimal process plan. Recently, EIMaraghy
& Moussa[133] presented a method of process planning for HM that included manual

feature extraction, product platform design, and process determination.

An increasing level of development in research on-bided repairing technology has
been witnessed by those publications. However, in terms of remanufacturing, there are
comparativelyffewer studies. In comparison with repairing, remanufacturing requires more
decisionmakingsupport sincéhe process planning result is not unique, and AM and SM
feature extraction relies on algorithms for the automation progessgthe few reported
efforts, Newman et al.[9] and Zhu et al[91] features a remanufacturing framework that
consisted of fused filameriabrication, CNC machining, and inspection. The method
enabled the remanufacturing of an existing part or even a recycled and legacy part into a
new part with new functional features. Le ef{&8] proposed an HM process planning for
remanufacturing based on feature extraction and knowledge interpretatisnbseguent
study, they have extended the process planning framework by discussing the
environmental impact of the proposed remanufacturing strategy compared with traditional
approaches (material recycling, casting, and machining). Liu[@éB84l.developed a novel
designfor-remanufacturing method under a legel framework, which provides a

solution for upgrading broken parts.
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2.3.3Feature modeling for Hybrid Manufacturing

Featurebasedtechnologies have been used successfully for years in congdéer
process planning (CAPP) firemachining proced®3]. Featurebased technologies play
an important role to bridge CAD acdmputeraided manufacturingddAM). This section
offers a reviewof featurebased implementation in process planrfiogHM.

Geometricrepresentation modelling is an essential task for fedtased modelling
since it stores geometric information of the modielgeometric modelling,anstructive
solid geometrfCSG) and boundary representat{Barep) are widely adopted. With CSG
modelling, a physical object can be decomposed into multiple primitives and a sequence
of Boolean operations. With thei®p method, the solid is bounded byed of closed and
directional faces, which are bounded by edges and vertices. CSG modelling has the merits
of supporting efficient Boolean operations and topology optimizdfi86]. The Brep
format model is dominant in the machining feature recognition Eetthuse it niquely
defines the faces and their topological patt¢t36€]. However, it has issues to deal with
numerical calculations between two solid parts by adoptingpBmodelsCSG format
shows its potentials in the calculation in
best knowledge, no remeh works are having to explore the implementation of CSG

models for feature extractions for HM or HM in remanufacturing.

The concept of featureased technologgided process planning for HM has emerged
in recent year§9,88,130,137,138]SinceSM removes material from the part in essence,
the definition of SM featuregn HM processcoincides with the machining featude term
of AM, from [88], the AM featureis definedas a geometral shapewith associahg
attributes including geometrical form and dimensions, build directions, starting surface,
material, and tolerance. Further, manufacturing rules were applied to associate AM and
machining (SM) features to generate the processwigrior HM, which is illustrated in
Figure2.4. AM and SM featuresould also belistinguished to improve manufacturability.
Kerbrat et al.[139] developed a hybrid and modular approach to achieve the explicit

separation, shown ifigure 2.5. In their researcha CAD model is decomposed into
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subtractive and additive modules which is associating with attributes with the dimension,
operation direction, and also manufacturabilidn top of that, the cost moddl40] and
theenvironmental impact modfi9] were also inestigated to enrich AM and SM features

in HM. With the seminal works of proposing the concept of AM and SM in HM, the
process planning for HM are becoming similar to the framework of CABRImachining
process. However, unlike the scenario in machining, process plafonihgM is still
lacking the algorithrs support for the automation process. Although Le ¢13¥,138]
proposed the feature extraction method for HMiiemanufacturingontext, the approach

is highly relying on human interventiorBesides the collision issues in HM
remanufacturing are rarely discussed in the previous studies. In CAPP for machining,
feature recognition is an important process of reinterpreting a desidel for automating
manufacturing operationgl36]. Previous works on feature recognition/extraction in
machining process planning have been developed for three d¢tafgsi1l] Howe\er,

it is very challenging to implement these prosperous techniques in the HM or HM for
remanufacturing. The main research gap is that the geometrical representation which is
widely utilized in machining is difficult to apply in the framework of HM for

remanufacturing.

MF1

@-- 55

Existing part Common part Final part
(a) (b)

Figure2.4: Process planning for HM by AM and SM featdr@sed method: (a) machining
features (MFs) and AM features (AMFS) extraction; (b) associations between MFs and
AMFs (from academic resear¢88]).
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CAD model Map of manufacturing
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impossible-to-machine areas
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Module 2, realized
Module 1, realized by by additive
machining fabrication

Figure 2.5: Explicit separation ofadditive and subtractive moduleés reducing
manufacturing difficultiegfrom academic resear¢h30]).

2.3.4Summary of the Hybrid Manufacturing for

Remanufacturing/Repairing

HM leverages AN strengthsof forming complex geometries anBM6 s benef i t s o
dimensional precision andface qualitycontrol This technology shows great potential

to support repairing and remanufacturing procegsass or remanufacture them to new
features and functionalities. However, process planning for hybrid remanufacturing is still
a challenging reearch topic. This is because current methods require extensive human
intervention for feature recognition and knowledge interpretation, and the quality of the
derived process plans are hard to quantfgsides other than addressing the process
planningrules, little effort has been spent on critical decisizaking in the variety of
feasible process plans (e.g., finding out the most economical solutions). The concept of
AM and SM features was proposettently whereas the automation algorithm for featur
extraction is missing. Also, the geometric representations are rarely explored for HM or

HM in theremanufacturing context.
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Chapter 3: A Novel Deep Learningbased Damage
Detection and Localization for Remanufacturing and
Repairing

3.1 Overview

Although significant benefits can be gained from remanufacturing/repair, there are still
numerous challenges to implement it in the indudthg main reasois that, compared to

the manufacturing process, stochastic returns of used parts and theiralfatdatquality
condition result in a high degree of uncertainty for the remanufactandgepairing
process[6]. The uncertainty surrounding the return of the parts complicates the
remanufacturing process. Recently, significant efforts have been devoted to the
remanufacturing procegdan optimization with uncertaintig®,7]. These optimization
frameworks are initialized with characterized and quantified fault features (e.g. crack, dent,
scratch, abrasion). The visual or manuaspection determines the fault feature
characterization, which indicates damage type, damage location. thuefsetors play a

key role in generating an optimal process plan with different additive operations and
subtractive operations with heuristic atghms. The current visual or manual inspection
methods require extensive human intervention, and the quality of the process is hard to be
stable. Therefore, an automated inspection approach for remanufact@gng is
urgently demanded. For this ssm, an increasing level of interest in research on the
automated or ser@utomated inspection for remanufacturing or repair has been witnessed
over recent yearsvhich are reviewed in Sectidhl By summarizing these research
results, to the best of the autbdsnowledge, an automatic approach that enables damage
recognition and spatial localization simultaneously for remanufactueipgringhas not

been discoverd. In thischapter a deep learningpased damage recognition and spatial
localization method igntroduced which can classify different damage features and
localize in the global thredimensional coordinatélhe localization results show 10%

errors andmuch faster speed compared with the traditional 3D scanning method. The
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proposed method provides a promising application with a hybrid image and 3D scanning
method which can roughly localize the damage and the 3D scanner can approach the target
area to aagjre a fine scanning result, which will strongly reduce the time for acquisition

of point clouds of the damaged area.

3.2 Methodology

The main objective of thistudyis to automatically detect damages fromtaanaged part

The study proposes a detection strategy based on dedgamg technique to recognize

and localize damages. The flowchart is showRigure3.1. Thae arethreemain steps of

the process: (1) Data acquisition for the RGB image and depth data by a depth camera; (2)
the damage recognition and segmentation using aHR&HN method, providing damage
segments with recognized damage type; (3) the localizafi the damage determined by

the integration of damage segments and a point cloud from the depth data.

Mask-RCNN
algorithm
Damage recognition
and segmentation segments
! g g Damage

localization

1. Damage type
2. Damage spatial
location

Output

Depth
Input Camera
acquisition

n/ Point

7/ cloud

Figure3.1: The flowchart of the proposed method.

3.2.1DamageRecognition andClassification

In this study the damage recognition and segmentation method is based on-&Wlidsk
architecture[51]. The proposed damage recognition and segmentation method is
illustrated inFigure3.2. As shown, it is composed of four modules: (1) Input the original
image to be processed into aqna@ned convolutional backbone to extract features and to
obtain a feature map; (2) the region proposal network (RPN) proposes region of interest
(Rol) in the featue map with a set of rectangular object proposals; (3) each Rol generates
a fixedsize feature map by RolAlign layer; (4) the fixede feature map goes through
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two branches of layers for objective classification, frame regression and pixel

segmentation.

Fu]l}- mnnecltd Damage
.

— RPN Fixed size
Original image fcaturc 111ap Class '\
' kY
[; ; [ -
—— I
1
—— Mask !
Test result
‘ RoIAhgn layer

Feature map

Cmnolurmnal backbone N
Mask prediction

Figure 3.2: The neural network architecture of the proposed damage recognition and

segmentation method.

The convolutional backbone is composed of a series CNN to extract feature maps from
the image. Theroperties of a neural network backbone are characterized by the selection
and arrangement of different layers. Deeper networks generally allow to extract more
complicatel features from the input image, meanwhile stacking more layers will result in
issuesfor training, due to the degradation problem. The residual network (ResNet) was
designed to address this problem in deeper neural networks (up to 152 [lbg2f$y

reformulating its layers as residual learning functiegardingthe layer input.

Generally, the Mask RCNN model adsfresNet101 as the backbone. It is a very deep
network with 101 layers and approximately 27 million parameters. In this study, because
the damage category is simple and the dataset is limited, a smaller backbone ResNet50 is
used to improve the running gakfor training. Feature pyramid network (FHN)3] uses
a topdown architecture with lateral connections to build anetwork feature pyramid,
which addresses the mu#icale object recognition problem. Overall, this study uses the

combination of ResNet5thd FPN as the backbone for feature extraction.

The second module in the proposed damage detection and recognition is RPN. The
original image passes through the ResNet50 and FPN convolutional network and outputs

a set of convolutional feature maps. In thiigdy, the algorithm uses nine different sizes
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of anchors as (128*128, 256*256, 512*512) with aspect ratios of (1:1, 1:2, 2:1). Positive
or negative anchors are computed by considering the interestinion (loU) between

the analyzed anchor and grouindth bounding boxes on the image. The IoU is calculated

by Equation(3-1). In thisresearchpositive anchors are those that have an IoU is greater
or equal to 0.7n anygroundtruth object, and negative anchors are those that have loU is
smaller or equal to 0.3. The anchors with loU between 0.3 and 0.7 are not considered for

the training objective. The positive anchors are then processed to the proposal

classification.
I 5 0 31
) 15 (3D
whereo is the area of overlap ard is the area of union.

The multitasking loss function of the MagRCNN training process idefined in
Equation(3-2), wherel is the total training loss] is the classification los$, is the

boundingbox loss, and is the mask loss.
0 0 0 0 (3-2

The variables foo and0  are defined if144], as shown in Equatiof8-3). Each
training Rol is labelled with a grourtduth classd and a groundruth boundingoox

regression target.
O 0 0 nh 6 pbd oM (3-3)

whereo is the label of each training Rol with a groutndth classp is a label of each Rol
with a grounetruth boundingbox regression targed; o0 specifies a scale
invariant translation and legpace height/width shift relative 6 classp 1 8 )
represents the probability distribution over p categories;6 p denotes the Iverson

bracket indicator function that evaluatedtwhend p and 0 otherwise.
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The boundingbox regressio® 0 hy is shown in:

O oh Ol 11T @E v (3-4)
N Ohhh
where:
oriias 0 FE Loreon 39)
The0 is calculated by taking the average cressropy of all pixels on the Rol, as:
o 03 Oid p wllip @
w pIfp Q (3-6)
O pfp Q

wherew and® are the prediction value and true value ofitttepixel in the positive Rol,

respectivelyp indicates the number of pixels in the positive Rol.
3.2.2Spatial L ocalization

Spatial localization of the damaged area is achieved by finding the mapping relations
between the 2D coordinates in the image and 3D spatial coordinates by the depth sensor
model, as shown in Equatidg-7).

n“E m o6Vl ,
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Figure3.3: An illustration of the mapping of depth and RGB image coordinate to xyz
coordinate.

0 andu are the 2D image coordinat@s; and0 are the origin of the 2D coordinate

system;Qand"Qare the focal length alongandwdirection, respectivelyq cand'Q care
scale factors o andy direction;Y Y 'Y and”Yare the rotation @trix and translation

matrix from the camera coordinate system to the global coordinate systém are
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the 3D coordinates under global coordindeandi represent the location of the pixel
in 3D global coordinate and image, respectivalyis the distance of the image to the

camera. The illustration is shownkigure3.3.

To simplify this problem, thetudy coincide the camera coordinate system and the
global coordinate system and Equat{8f9) can be derived as:

Q ,
Ul A
6 ,nﬁw mo ap mmom ®
Uuwu 11 Q .l p TU T 8 (3'9)
p [ Qe n1m T p T
P
urr TT p U
Then,the 3D coordinates of the damaged area can be calculated as:
. 0 0 aQuw. U L aQw, .
W W —— U (3-10

Q Q
3.3 Experimental Results andAnalysis

3.3.1Transfer Learning

Deep learning requires a large number of input images as training data, but for some
applications, it is very difficult to find enough images. Tran$éarning provides an
alternative strategy to address this problem. It is possible to reusetraipeel CNN
weight as a starting point for another training task, instead of building a CNN from scratch.
In this study the training model was initialized ag the weights from a ResN£01
network, which was trained on the COCO datfs#b]. COCO dataset has 330K images
with 1.5 million object instances for 80 object categories. Therefore, a good performance
pretrained model can be obtained frohistdataset. Using migration learning from the
pre-trained model can increase the efficiency of training significantly than starting from

scratch.
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3.3.2DatasetBuilding

The images with damaged pipes were collected by a Gige DFK 33GD006 image sensor
with TCL 3520 5MP lens with a 35 mm focal length, and the setup is shdviguire3.4.

The entire dataset includes training, validation and testing datasets with the resolution of
1920*1080 images. The dataset is collected from 30 damaged pipes and each pipe has 3
portions of damage with different sizes. The experiment cetle220 images (160 for the
training dataset, 40 for validation dataset and 20 for testing dataset). The training and
validation images were annotated according to their damaged areas by polygon shapes
using the free annotation software VGG Image Annotgitd8]. It labelledthe images

with the JSON file which contains a class of damage and damage fegiore3.5 gives

examples of annotated images.

Figure3.5: Annotation of damaged areas by polygon shapes
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3.3.3Experimental Environment

The experiments were conducted using MBSKXNN, Matlab2019a, CUDA 10.0,
TensorFlow 1.14.0, CuDNN 6.5 on a desktop computer equipped with an Intel €ore i5
8600K 3.60 GHz CPU, 16 GB DDRRAM, Nvidia GTX 1060 with 6 GB video ram GPU,
under an operating systeofi Ubuntu 16.04 64 bit. The paefined parameters for the

damage detection and classification model are showahie3.1.

Table3.1: The predefined parameters for damage detection and classification.

Parameter Value
Batch size 30
Learning rate 0.01
Learning Momentum 0.9
Mask pool size 14
Pool size 7
Step per epoch 200
Detection minimuntonfidence 0.9
Number of classes 2
epoch 30

In this study, Microsoft Kinect V1 was used as the depth camera for testing. The
technical specification of it is presentediiable3.2. It outputted R® image (640*840*3)
and depth image (640*840), as showirigure3.6.

Table3.2: The predefined paramets for damage detection and classification.

Kinect V1 Specifications

Max. resolution of the cole sensor 1280*960

Max. resolution of the depth sensor 640*480

Viewing angle 43°ertical x 57°horizontal
Vertical tilt range 27°

Frame rate 30frames per second (FPS)
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b
Figure3.6: RGB image (a) and depth image (b).

By implementation of the Equatid-9), the point cloud data (defined psintcloud
was calculated from the RGB image and depth image, as shdwgure3.7. The data
structure of pointcloud includes Location (480*640*3), Color (480*640*3), Count
(positive integer)XLimits (1*2), YLimites(1*2), ZLimites(1*2). In the data of Location,
each entry specifies they, andz coordinates of a point in the 3D coordinate space.
Therefore, each pixel in the RGB image can be mapped fwthteloud.Locatiorto find
their x, y, z coordinates in the 3D space.

Figure3.7: Point cloud dataset.
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3.3.4Results andAnalysis

For the damaged area detection and classification algorithm, after 30 epochs of training,
the convergence history of the model loss for both training aldiatian samples are
plotted inFigure3.8. It can be observed that the loss for training and validation achieved
0.1612 and 0.5744, respectively. Theweacies in this study were in segmernsed
evolution. Theaverage precisiommad achieved 99.57% and 87.61% for training and
validation datasets. Considering the size of the training dataset, the validation accuracy is
acceptableDifferent hyperparametsrhave been tried in this studych as batch size,
learning rate, anthe activation function to improve the performance of the model but
achieved limited benefit. Therefore, in this study, increasing the size of the training dataset
would be the most efttive method to improve the accuracy further. Some examples from

the damaged area detection algorithm are showigure3.9.

The performance of the 3D localization in the proposed metivad testedby
calculating the centroid position of the damaged area. The localization error is defined as

follows:

Y o o ® a a (3-11)

where w, w andd are the coordinate of the estimated centroid positindpy wand

a arethe coordinateof centroid position from manual measurements.

The average relative error is defined as:

e (3-12
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Figure3.9: Example detections of the damaged area from the pipes.

By conducting measurements for five samples, the manual measurement of the centroid
point, estimation of the centroid position by the proposed method were recorded. For each
sample, the estimation of the centroid position was calculated by ten timesstihig are
presented inTable 3.3. From [18], the proposed had achieved higher error than the
traditional damage localization method (around 5 mm). However, the traditional damage
localization approach costs a few hours in scanning and around 2000 s for registration.
Therefore, the proposed method represents a much higher efficiency than the traditional
method. The resolution of the depth sensor impacts the accuracy of the results.strongly

High-accuracy 3D depth sensor (such as 2540*1600) can be essdin this study to
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acquire a lower error of the damage area localization, which will be revealed in the future

work.

Table3.3: Results of experiments for the 3D localization.

# Manual measuremen Average estimation Average Average Maximum Relative

(cm) (cm) speed (s)  Error Error (cm)  error (%)
(cm)

1 (8.2,2.2,20.1) (8.8, 2.4, 20.8) 1.45 0.943 2.211 4.322

2 (20.6, 6.8, 20.7) (19.2, 6.0, 22.2) 1.48 2.202 4.131 7.344

3 3.681 11.253

(10.2, 4.2, 23.2) (12.2, 4.8, 25.2) 1.42 2.891
4 (16.3, 2.3, 33.2) (16.5, 2.3, 35.2) 1.48 2.010 4.212 5.424
5 (10.4, 20.2, 18.8) (11.4, 21.8, 19.8) 1.47 2.135 3.068 7.244

3.4 Conclusion

Remanufacturing/repairing has been considered a green manufacturing strategy since it
reduces cost, energy, material consumption and air pollution significantly compared to
traditional manufacturing. Damage detection is the primary step in remanufadturing
decidea remanufacturing strategy. However, the current damage detection method relies
heavily on manual operations which is thw@nsuming.The motivation of this study is
developing a novel damage detection approach, which performs damage classification and

3D localization simultaneously.

To address these problems, stisdyproposes an efficient deep learningsed damage
detection and locedation method. In the first step, the RGB image and depth image are
acquired by a depth camera. Then, training data and validation data are collected to train
the MaskRCNN-based model to obtain optimized weight. The RGB image acquired

processed in the dege recognition and segmentation algorithm, providing damage
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segments with recognized damage types. In the last, the 3D position of the damage is

determined by the integration of damage segments and a point cloud from the depth data.

The accuracy of thdamage detection can be improved by increasing the training data
size. And, the error of damage localization can be reduced by implementing-a high

accuracy depth sensor, which will be the focus of future work.

The current remanufacturing/repair induselgs on visual inspection to determine the
damage type, damage location and damage degree to schedule the process plans. The study
hasthe potentials to perform damage detection to output the damage type, and location. In
future work, a systematic methtmldetermine the damage degree can be investigated.
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Chapter 4: A Primitive -based Damaged Model
Reconstruction Method for Repairing processes
4.1 Overview

In the AM -basedepairing process critical preparing step is to localize the defect region
and determine the rap volume. The localization can be performed by comparing the
scanned 3D digital model with the nominal CAD model. However, a general situation is
that the nominal CAD model is not available due to confidentiality ig8@§sThis makes

the reconstruction of the broken part back to the original status quHtiviah and there

are a few publications in this aspgt8,18] Therefore, a novel reconstruction method is
proposed in thishapterbased on primitie surface fitting. This reconstruction is focused

on mechanical components that are composed of only primitive features (e.g., plane,
cylinder, sphere, cone) because 95% of mechanical components are able to be
approximated by primitive featurg447]. These involve multiple procedures of this
reconstruction. 3D scanning is performed first to acquire the point cloud data of the broken
part. Then, the point cloud is modified by identifying and eliminating the points from the
damaged regions. The modified point cloud data is fitted by different primitive surfaces
using the proposed surface fitting algorithm so that the damaged area caorieel iegd

a primitive surface. Therefore, the reconstruction is completed by deriving a primitive
featurebased CAD model as the outcome. The defective volumes can then be trivially
localized and quantified by registering the reconstructed CAD model andefective

point clouds. The main contribution of tlakapteries in the new method to reconstruct
complex geometric models with defects. Thisapterproposes a novel StepRANSAC
algorithm integrated with a SDM to improve the precision and robustnssdade fitting.

The novel method for surface fitting performs the main direction determination and
primitive segmentation by StepRANSAC to increase the robustness compared with the
basic random sample consensus (RANSAC) method, especially for the irt®mpl
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scanning data. Meanwhile, the accuracy of surface fitting is strongly enhanced by using

SDM algorithm for refitting.
4.2 Methodology

A flowchart of the method is illustrated Figure4.1. This research is focusing on external
damage on the damaged componandl the method will not work for the internal surface
damage where lighting cannot approalite used part is scanned3y scanneto acquire

point cloud. Then, points inside the damage region are identified and removed from the
point cloud. For the remaining points, a novel StepRANSAC algorithm is designed to
efficiently and accurately make the segmentation and initidaea fitting. The SDM
refitting method is applied to obtain precise parameters of the surface primitives. Finally,
modelling operations are performed based on the topological relationship among the
primitive surfaces to construct a CAD model. Details akdbese procedures will be

presented in the following secti®n

Input | "R femeeees > Start

Used part

v

3D scanning |

N S—

Damage surface
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\ 4
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Figure4.1: A systematic flowchart of the proposed reconstruction method

4.2.1DamageSurface | dentification

With the help of 3D scanning techniquéss point cloud is acquired from the used part.
Because the defective surface is not smoothly continuous, its Gaussian curvature suddenly
increases or decreases in the defective area. Therefore, the damaged aaglmn c
identified on the basis of the change of Gaussian curvatures. In this method, the classical
principal component analysis (PCA) is adopted for Gaussian curvature estifid8pn

Firstly, the point tbuds could be meshed as stereolithography tessellation language (STL)
by using commercial CAD software. The curvature of a patch has a difference compared
with the curvatures of neighbong patches. If the absolute value thE difference is

higher thara predefined threshold, the patch is identified as a defective surface and its
corresponding points are recognized as defective points. The defective points are stored in
the data set and they are updated throtighelimination of the defective points rfo
following the reconstruction procesg&igure 4.2 gives an example of defective surface

identification from a damaged model.

(a) (b)

Figure4.2: (a) A defective modeland (b) surface identification result@he defective
surface is distinguished by blue, red and greenucotbe intact surface is yellgw
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4.2.2StepRANSAC

The RANSACbased method presents its convenience in its fast calculatidinein
primitive surface fitting. In the proposed method, a StepRANSAC method is adapted as a
prior segmentation and initial estimation ftre following refitting. Most of these
primitives have their orientations (e.g., normal of plane, axis of cylinder/cone). The
orientations have parallel or orthogonal relations with each other, which are called global
relations. This main direction confirmation is able to imprdke precision of he
RANSAC-based method and increase its robustness in noise or incomplete data, especially
in the remanufacturing process. In addition, it provides opportunities to decrease the
computationakxpense due to reducing degrees of freedom. StepRANSAC is pledelo

in this method to consider the main directions of a mechanical component. The original
RANSAC-based method will be reviewed briefly. Then, after conduetirgyror analysis

of direction estimation fothe plane and quadratic surfaces, it can be catediuthat error

for the plane is much less than that of the quadratic surface. By investigation of the error
analysis of the plane and quadratic surface, it could be concludéldebatimation of the
normal plane is more reliable ftrecylinder/cone as. Therefore, the planes are detected

to estimate the normals. The main directions are determined by solving an optimization
problem from normal. Finally, the main directions are employed to guide the cylinder/cone

surface fitting

4.2.2.1RANSAC-basedMethod

The pseudocode of the RANSASased method is presentedrigure4.3. The input of
the algorithm is a point cloudy 1/ ¥ s HQ pMB Ky . The output|| {is a set of
paameters of the best shape that is detected, e.g., for cylifidéh , where®is the

direction of the axis of the cylindaf; is a point on the axis, is the radius.

In the first step, points with minimal numbelgtcan construct the target shape are
randomly selected from the point cIoan These points construct the target shape as a

candidate shape. The parameters of the candidate shape are stprﬂamithe second
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step, algebraic distangeee Equatiori4-1)) is calculatedas the distance between point
clouds and target shape. Then, the number of valid pihiathave distances is less than

the predefined thresholdYis counted ands stored i . From step 3 to step 6, the better
candidate means which have more valid poarsaccepted in iterations and the best
candidate for target shape remains until reaching the maximum iteration times. The
parameters of best sheapre stored iff {|and the valid points for the best candidate remain

in |1t is worth mentioning that the RANSARased method hale capability to filter

the noises and outliers because only pdimshave distance below the threshold remain

in the processHigure4.4).

(o) O - (4-1)

where'Ois the lefthand side of the implicit representati@dr) 1 of the fitting surface;

- |

Algorithm 1 RANSAC.
Input: P: a set of point clouds
Output: BS: best shape parameters
V < 0: number of valid points
repeat
1. CS=rand(P) ;
2. B=sum(d(CS, P;)<T)
3.if B >V then
4, V<B;
5. BS<CS;
end

until Reach the maximum iteration times:;
6. VP < record(P)

Figure4.3: The pseudocode for RANSAKased surface fitting.
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a b c

Figure4.4: (a) RANSAC-based method surfage cylinder fitting (b) cone fitting (c)
sphere fitting Valid points(yellow dots)remainandoutliers (red stars) are removed in
this process

4.2.2.2Candidate Error Analysis

From the principle of the RANSA®Based surface fitting method mentioned above, point
clouds are randomly selected to generate the candidate shape. Then, the distance between
the point cloud and the candidate shape is calculated. If the distance falpiadbfined
threshold, the candidate is determined as a valid shape. The position error is the difference
between the real part and scanned point clouds during 3D scanning. Theretbee, in
RANSAC-based method, the error is accumulated in shape camdiéaeration. For

different primitive shapes, the quantities of reconstruction errors atbagame.

The position error in measurement of a pemt O isY oyfuyfy ; error of the
normal vector & cb «be & for this pant isY oyfuyfdy ; The errors in different
primitive shapes (plane, cylinder, and cone) construction are investigatedotiowing

sections.

a. Plane surface candidate error analysighe parameters of a plane can be determined

by three pointss==, == and==.The point on the plane:
- - - — 70- (4_2)

The normal vector of the plane:
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" — -— — -— (4- 3)

The candidate error of plane surface candidate consists of point positiotY esid

normal errotY . The point position error:
y Y V¥ VY Jo (4-4)

The normal error:

D«
e

.y y
y (4-5)
foms wm/E /s wm/E

The fmm =/ fomm wmfl Y thusY 1o

b. Cylinder surface error analysis: the parameters of a cylinder can be determined by

two poiNtS=m, mm and their normal vectoss , =

Thedirection of axis:
n n |} (4-6)

The point == is the intersection of  two parametric lines
m= O ,and== O projected onte . 3= plane.The radius of thecylinder is the
distance betweeais and== 0n the plane. The candidate error of cylinder surface candidate

consists of point position errdf and normal erroy .
Yy ¥y iy Y iy 47

y ¥y ¥y (4-8)
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From these analyses, the normal vector error in cylinder candidates is significantly
larger than the normal vector errors in plane candsdatee similarity could be found in

cone surface generation.

In Figure4.5a, the cylinder (height, 800 mm; radius, 100 mm) is supported by 800
points; distances of these points to the cylinder are zeFoglme4.5b, the plane (length,
300 mm; width, 630 mm) is generated by 800 points; distances between the points and
plane are zero. The densitytbktwo ses of pointsis the same. With 0.0&deflection on
the axis othe cylinder and normal ahe plane, there are 59.53% of points of cgliical
point clouds that have the distances betwerdeflected cylinder lower than 0.05 mm.
In terms ofthe plane,37.5% pointdhave distances lower than 0.05 mm. Therefore, in the
same condition of normal errors, there are higher chances to generatecadirect
cylinder/cone surfaces. It could be concluded thath&@RANSAC-based surface fitting
method, the normal direction obtained from the plane surface has much higher precision

than the axis direction calculated from cylinder/cone surface fitting

Deviation Analysis Deviation Analysis

I 0.131mm

0.05mm

0.03mm

omm omm

a b
Figure4.5: Deviation analysis under 0.08eflection for(a) cylinder andb) plane
4.2.2.3Main Direction Estimation
A mechanical part has a common property of having limited primitivesgoiar shapes,
and the axes of these primitives are either parallel or orthagdreabxes of the primitives
reside can be merged as main directions of the mechanical moiel RANSAC-based

method, it is significamy important to consider the globadlations of each primitive to

increase the precision of surface fittif8y,72] Thereforethe main direction estimation
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is helpful to provide a global view for leading a robust primitive surface fitting. Moreover,
information of main directions can highly rise computation efficiency in cylinder/cone
fitting because their degrees of freedom reduces if their axes are confirmed. As mentioned
before the normal estimation in plane fitting is much more reliable. Based dn tha

conclusionthemain direction estimation method is developed from the normal of planes.

The process othe proposed method is represented Figure 4.6. The original
RANSAC method is adopted to calculate normal axes of planes from point elouds,
a HQ pfsafi 8These normal axes are classified based on the anglesw ¢ = 3
If —  “7Jt,then normakl and= are determined as a pdehrelation and classified in

a group! ; else, they have an orthogonal relation and classified in another4jroup

the proposed method, in order to sifhypkhe problem, the number of main directions is
restricted to thred A Q4 , so that there are three groups of normal4ets

« N a AQ prsss R = N8 AQ pfssfe Q4 « N g AQ phss .

It is trivial to expand the main direction numbers by the proposed method in future work.
Then, theestimation of the maidiredion can be converted to an optimization problem

shown as follows:

Objective function:

Q e (4-9)

Subject to:
4 T 3” T Tt
Irdp = (4-10)

JJH_GU”_ Tt
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The linear objection function with quadratic conditions can be solvéteibagrange

a
MD+ MD:

-:UDZ
MD:
MD:
C MD.

method

nin2 g,

- e
= 15

ne p; b

: d

Figure4.6: The process of main direction determinatiothi@ proposedhethod (a) plane
detection by basic RANSAC; (b) normal extraction from detected planes; (c) main
direction optimization; (d) main direction interpolationtive model

4.2.2.4Cylinder and Cone Surface Fitting

The optimized main directions are used for guidhmfollowing cylinder/cone fitting.

For cylinder fitting, thealgorithmsof thefitting process are shown as follows:

Table4.1: the algorithm forcylinder fitting.

a  Randomly select three poirisFummmfrom point clouds|
=N g9 hQ phdu with corresponding normals areh h ;
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b Determine the axis from main directiohsy R Q4 by calculating
the dot product between point normals and three main directions separate
Fem o« o« Iy« 3. The main directiod - which
has lowestf «fmvalue is determined as the axis for cylinder

C ProjeCtmmlims = 0N the plane which is orthogonalfor and use these
projected points to generate a circle. The center of the circle is the point ¢
the axis othecylinder and the radius of the circle is the radiuthef
cylinder. Now candidate cylindeis canstructed;

d Calculate the algebraic distance of each point from point cloud to the
candidate cylinder and record the number of valid points which is defined
the pointthathas distance less than the threshold to the candidate. Find th
best candidatafter serval iterationsvhich have the greatest number of
valid points

e Use SDM refitting to optimize the cylinder parameters from segmented va
points.

The processes of cone fitting are similar to cylinfitéing, which are presented as
Table4.2.

Table4.2: the algorithm for cone fitting.

a Randomly select three poirs el from point clouds]f
==" 7 HQ pMBHEW™ with corresponding normals arefr b N

b Determine the axis from main directiohsy A Q4 r by calculating
Toor e 9”3[[ - drs ¢ 3”F|£r AL
s O . r SThe main directiod  which hasthelowest
1F° = walue is determined as the axis for coFiee angle ofhecone is

Ol Gogt O rs;

C Set define planasstheih=linclude a point respectively froas s
and along its normaks h» h . The apex othecone is the intersection
point of the planes. Now, the candidate cone is constructed

d Calculate the algebraic distance of each point from point cloud to the
candidate cone and record the nuniifevalid points, which is defined as
the point has distance less than the threshold to the candidate. Find the b
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candidate after serval iteratignghich have the greatest number of valid
points

e Use SDM refitting to optimize the cone parametewnfrsegmented valid
points

4.2.3SDM Refitting for Quadratic Surface

The RANSAC-based method is barely able to meet the industrial tolerance requirement.
In the proposed methothe SDM fitting approach is used for refitting after RANSAC
detection. Outliers and noise are efficiently removed, which proaid@ppropriate
condition for nonlinear optimization surface fitting. The remaining valid points without
outliers are input fotherefitting process and the obtained parameters are utilized as the

initial value for the iterative process.

The surface fitting problem is convedteo an optimization problem as minimizing the
objective function of a distance error betwe®e point cloud and fitting shape. As
mentioned before, SDM not only measures the distance betheditting object and
point clouds accurately but also leadiagfaster and more stable convergence in
optimization. The objective function of SDM is initialized with the valid pomisand

the set parametevdor the best shaf@S obtained from StepRANSAC as the initial value.

Then, we discuss the SDM processdach point from point clouds. For a given surface
%0 A, =mis a point from a set of point cIoucﬂs =" 5 HQ pf& . The squared
distanceéQ is defined ashe square of its distanadfrom this point to its closest poist
on surfacen. The surfae fitting problem is considered as optimization by minimizing the

sum of squared distances between the fitting shape and point clouds.

The Frenet frame of surfacetwo vectorss ,= to determine the principal curvature
directions and to determinghe normal direction. The principal curvatuf@s’Q plt
are in the principal curvature direction and the corresponding curvature radii isFor

each point) , the seconérder Taylor approximarf of the squared distan& is:
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(4-11)

By summation the squared distance of all points, the objective furk€imshown as

following:
O * Omm VYamo hvo (4-12)

where — — p.

In Equation(4-12) , v is the closest point on the fitting surface related to paint
Here, ¥ consists of parameter vectaicand state vectow ocAnd sscindicates parameter
vector of surfac@o mm© =moN AHQ pMBHE . For cylinder mmo ohoh A,
wher (@ b i is a point of the axis of cylinder and r is the radius. For Gase,

o ho b i, where (o i is apex cone analis the sembpening angle athecone
surface. For spheramo whohx A, where @ o hy is the cater andr is the
radius ofthesphere surfacev ois the state vector dfiequadratic surface from parametric

representation, and it determines ithle point on the surface.

Setting the firstorder derivative of to zero and solving the linear equation system is

to obtain an updated quadratic surfeas
o1 o .10

———— fes— 4-13
TROTAO T W *+13

00

The parameters of fitting shape are updated by new parameters from solving the set of
linear equations. When the surféegs updatedo a new parameter vectamo , the

squaredlistance error is computed again for all data poinEgimation(4-12) as the next
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iteration. By repeating the steps until a ptefined incremental change is reached, the
parameter vector dhe final adapted quadratic surface is obtained. The proposed SDM

refitting has strongly increased the fitting precision, and it is evaluatsbastudies

4.2.4Modelling Operation

The void model is obtained after the surface fitting process. A model operation is
required to convert the void modelasolid model. A solid moel is composed of different
solid features. Ithe conventional modelling method, CAD systems provide functions to
create primitive solids such as block, cylinder, cone, sphere, torus and wedges. The
parameters of surfaces obtainedhe surface fitting pocess are useid generates their
corresponding primitive solids. The solid model could be constructed by combining these

primitive solids by basic Boolean operations.

4.2.5DamagedVolume L ocalization for Remanufacturing/Repairing

The damaged volume can bec#tized by registering the reconstructed model and
defective model Kigure 4.7). The defective volume could be extracted by a Boolean
operation. CAD/CAM software can based forthe generation of tool paths for
remanufacturing. By applying peptocessing on tool paths-¢de can be produced to
drive machinefor an actual repair processich includes a sequence of machining and
AM [18,90]
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c C

Figure 4.7: Identified damaged spadceovered by blue) and intact space (covered by
yellow).

4.3 CaseStudies andDiscussion

All algorithms described are implemented in C++. Four tests have been conducted for the
validation ofalgorithms. For comparison purpasa proven RANSA&based methof¥1]

is applied for surface fitting on the same d&ar thesurface fittingquality analysign

case study, ltheaveragesurface fittingerrorand maximum surface fitting adefined as
presented in Equatio(¥-14) and (4-15), respectively. For the reconstruction quality
analysis in case study Il to IV, the error for each parameter of surface is comparing with

the corresponding surfaparameter in the nominal CAD model.

%O 01 O dRO [ VE (4-14

%001 O AQD um VE (4-15

4.3.1CaseStudy |

The first experiment was conducted to test the performance of the basic RANSAC surface

fitting and proposed methodihecylinder, cone, and sphere separatéty fitting quality
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analysisthefitting error is defined as the average of distances of paittt to the target
shape as shown in Equati¢dh14). The proposed method and basic RANSWEre
evaluated onhecylinder, cone, sphere fitting from OReisy point clouds and 10% noisy

point cloud.

Table 4.3 gives the comparison results of cylinder fitting from the proposed method
and RANSAC. The relative improvemenit the proposed method over the RANSAC
averagely less 82% error for 0% noisy point cloud and less 68% for 10% noisy point clouds.

Figure4.8 presens the fitting results othecylinder in the proposed method.

In terms of cone surface fitting;dm Table4.4, a similar conclusion can be drawn the
proposed method shows higher precision terRANSAC method because the fitting
error of the proposed method is 96% less in 0% noisy point clouds and 70% less in 10%
noisy point cloudsFigure4.9 andFigure4.8 shows the fitting results dghe cone in the
proposednethod.

Table 4.5 shows the fitting results ahe sphere fitting in the proposed method and
RANSAC. It is important to mention that, becatisesphere has no axis parameter, the
StepRANSAC cannot provide tlaecurate axis for sphere fitting. However, the proposed
method consistently has better performance than basic RANSAC, where shows 92% less
error and 79% less error in 0% and 10% noisy point cloud, respectively. From these results,
it can be concluded thaéhe SDM refitting process in the proposed methodahgseat
contribution to improing the precision of surface fitting.

Table4.3: Performance comparisons thie proposedanethod and RANSAC in cylinder
surfacefitting

Data 0% noisy point clouds 10% noisy point clouds
Fitting Proposed Proposed
method method RANSAC method RANSAC
_ _ (3.0082, (2.3892, (2.9801, (3.1232,
Point on axis
5.0145,0) 5.2327,0) 5.0241,0) 4.9717,0)
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Asis (0.0608, (0.01086,

orientation (0,0.1) 0.0118, (0,0,1) 0.0275,
0.9981) 0.9996)

Radius 8.1323 7.8701 8.1178 7.8701

Ave. fitting 0.0461 0.2686 0.0851 02660

error (mm)

Max. fitting

error (mm) 0.2201 1.209 0.5372 1.5581

Ave. 82% 58%

improvement

Deviation Analysis
0.1009mm

I 0.0740mm
0.0424mm

I 0.0000mm
-0.0183mm

I -0.0441mm

-0.0984mm

Deviation Analysis.1

I 0.8837mm

0.0551Tmm

I 0.0303mm

0.0000mm

-0.02317mm

I -0.0554mm

-0.1359mm

a b

Figure4.8: cylinder fitting results by the proposed method fr@)0% noisy point clouds
(b) 10% noisy point clouds

Table4.4 Performance comparisons of the proposed method and RANSAC in cone surface
fitting.

Data 0% noisy point clouds 10% noisy point clouds
Fitting Proposed Proposed
method method RANSAC method RANSAC
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(2.9106, (2.3892, (2.9983, (3.4513,
Apex 5.0301, 5.2327, 4.9997, 5.7896,
7.0013) 7.1321) 7.0347) 7.5347)
(0.0092, (0.1118,
AXis
s 0,0,1) 0.0021, (0,0,1) 0.0197,
orientation
0.8532) 0.9935)
Angle 30.0108 32.1251 30.1042 29.1523
Ave.  fitting 0.0101 0.2871 0.0450 0.1514
error (mm)
Max. fitting 0.3607 2.129 0.4532 1.9101
error(mm)
AVE. 96% 70%
Improvement

Deviation Analysis

I 0.1139mm
0.0226mm

Deviation Analysis

I 0.3060mm

0.2040mm

I BN 0.1020mm
0.0000mm I
0.0000mm
-0.0217mm
-0.1211mm
-0.0411Tmm
I -0.2423mm
-0.1172mm l

-0.3634mm

a b

Figure4.9: Cone fitting results byhe proposedanethodfrom (a) 0% noisy point clouds
(b) 10% noisy pointlouds

Table 4.5: Performance comparisons of the proposed method and RANSAC in sphere
surface fitting

Data 0% noisy point clouds 10% noisy point clouds

Proposed RANSAC Proposed RANSAC

Fitting method method method
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(2.9956, (2.7292, (2.9946, (2.8102,

Central point 4.9876, 5.1327, 4.9802, 5.6128,
7.0018) 7.1321) 7.0756) 6.9321)

Radius 6.0436 5.946 6.0742 6.1051

Ave.  fitting 0.0170 0.2021 0.0502 0.2376

error (mm)

Max. —fitting 0.1415 1.7818 0.2175 1.3299

error(mm) ' ’ ’ '

Ave. 92% 79%

Improvement

Deviation Analysis
I 0.03717mm
0.0247mm

I 0.0724mm

0.0000mm

Deviation Analysis
I 0.2987mm
0.1992mm
I 0.0996mm
0.0000mm

-0.0174mm

-0.0174mm
-0.0347mm
-0.0347mm I
I -0.0521mm
-0.0521Tmm
a b

Figure4.10: Sphere fitting results by our method fr¢a) 0% noisy point cloudgb) 10%
noisy point clouds

4.3.2CaseStudy I

In the second experimerthe proposed method is validated throwgkynthetic model
(Figure4.11a) whichis composed ogplanes, cylinders and cones. Antieged structure is
constructed from this modeFigure 4.11b). In order to simulate the data acquisition
process,tie defective model was scanned to point clouds@a@arsng simulation software
(Blensor) Figure4.11c). The uniform scanning data is integrated with Gaussian nfise (
=0.4). The surface fitting results tie traditional RANSAC methodndthe proposed
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method areshown inFigure4.12 andFigure4.13 respectivelyn these figuregyreyis for
plane, greeris for cylinder,and purplds for cone.From Figure4.12, the surface fitting
deviation withthetraditional RANSACbased method can be observed in the naked eye.

Table 4.6 gives the comparison results thie error in the proposed method arttie
RANSAC method By comparing two methods, one can observe that relative
improvemen of the proposed method over the basic RANSAC methageragely less
81%, 91%, 90.6% fothe plane, cylinder, cone fitting respectively. It can strongly prove
that the proposed method is accurdtee reconstructed CAD model is shownFigure

4.13c.

a b c

Figure4.11: (a) Original mode] (b) defective model(c) point clouds from defective model

a b

Figure4.12:TraditionalRANSAC surface fitting result:(a) view 1; (b) view 2
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a b

Figure4.13: Our method surface fitting resu{g)view 1; (b) view 2 (c) The
reconstructed CAD model

c

Table4.6: Error analysis of the proposed method and RANSAC method synthetic model
fitting results

Plane fitting #planes Normal Distance Ave. improv.
error error
Proposed
method 13 0.0156 0.1232 8206
RANSAC 13 0.0526 2.2861
. Central .
Cylinder fitting #cylinder Axis point Radius Ave.
error error improv.
error
Proposed
method 6 0.1451 0.1007 0.0212 91%
RANSAC 6 1.4459 1.2107 0.3105
Cone fitting #cone Axis Apex Angle . Ave.
error error error improv.
Proposed
method 3 0.0208 0.1121 0.0286 90.6%
RANSAC 3 0.3208 0.8021 0.4270
4.3.3CaseStudy Il

In the third experiment, a virtual damaged brackegure4.14a) is tested. The defective
model was scanned to point clouds with Gaussian néis@.4) in a scanning simulation
software (Blensor) Rigure 4.14b). From Table 4.7, the relative improvement of the
proposed method over the basic RANSAEthodis averagely less 62%, 80.6% fitre
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plane, cylinder fitting respectively, providing strong evidence that the proposed method is
promising inthe primitive surface fittingThe reconstructed bracket model is presented in
Figure4.16b.

a b

Figure4.14: Bracket models{a) defective model(b) point clouds fronthe defective
model

Figure4.15: Traditional RANSAC surface fitting result ftne bracket
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a b

Figure4.16: (a) The proposed surface fitting result foebracket (b) reconstructed CAD
model

Table4.7: Error analysis of the proposed method and RANSAC method bracket model
fitting results

Plane fitting #planes Normal Distance Ave. improv.
error error
Proposed
method 17 0.0626 0.0816 62%
RANSAC 17 0.0912 1.2089
Central Radius Ave
Cylinder fitting #cylinder Axis error point error improv.
error
Proposed
method 9 0.0751 0.0907 0.1205 80.6%
RANSAC 9 1.2195 0.9333 0.3001

4.3.4CaseStudy IV

In the fourth case study, a damaged brades#Rigure4.17) was used in the evaluation
of the proposed method. ADKIO-E noncontact 3D scanner was employed in gtigdy
to acquire the point clouds of the surface of dbgect @s shown irFigure 4.18). The

parameters of the scanner are foimdlable4.8.

Beforescanning, one crucial step was to smayimaging agent on the object since its
surface is veryeflective.To determine the position of each scaé,monochrome paper
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mark points were attached the object randomly. Then, the position and distancéef t
scanner from the object weadjusted to make the objdotbe located in the center of the
view. For each scan tee valid, aninimum of four mark points needs to behe scanning
view. To minimize the effect of uncertainty jpbint clouds, the numb®f measurements
for the objecthad been determined to 3 after a series of experimentsciin@ed point
clouds of the object were 2,760,000. Thesanned points were imported into Geomagic
Wrap to beprocessed. After a set of processing steps, the gloundsof the object can be

exported.

a b c d

Figure4.17: A damaged bracket, (a) overall view; (b) damage in bottom; (c) damage in
rib; (d) damage in cylinder holder.

Figure4.18: The digitalization process of the brackettbg3D scanner
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Table4.8: Parameters of the 3D scanner

Measurement &nge 400*300mnid 100*75mn+t
Measurement Resolution 0.035mnd 0.015mm
Average Distance of Samples 0.31mnd 0.07mm
Pixels 1.3 Mega
Scanning Time O5s
Scanning Mode Non-contact Camerabased
Splice Mode Automatic splicing based on mark points

OutputFormat ASC, STL, etc.

After obtaining the digital model of the damaged bracket, the proposed algorithms are
applied in the modeFigure4.19a andFigure4.19 represent the surface fitting results of
the RANSAC method and the proposed method, respectively. For fitting quality analysis,
thefitting error is defined as the average oftdnces of each point to the target shape.
From Table 4.9, the relative improvements of the proposed method over the basic
RANSAC method are on average 79% and 80%tli@r plane and cylinder fitting
respectively. It proves that the proposed method is also robust and precise in the real case

study:.

a b

Figure4.19: (a) The proposed surface fitting result toebracket (b) reconstructed CAD
model
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Table4.9: Error analysis of the proposed method and RANSAC metlantagebracket
model fitting results

Plane fitting #planes Normal Distance Ave. improv.
error error
Proposed
method 63 0.0931 0.1216 29%
RANSAC 63 0.3012 1.3019
Central Radius Ave
Cylinder fitting #cylinder Axis error point . '
error improv.
error
Proposed
method 12 0.1223 0.2007 0.2015 80%
RANSAC 12 1.0213 1.2032 0.7021

4.4 Conclusion andPerspectives

Reconstruction of the nominal CAD model of a damaged part from the incomplete
scanning data is a critical technique fioe repairing processSo far, most of the related
publications have been focusing on applications of turbine bisitlesrior informaton

such as it is a continuous and closed freeform syrfeltiée the reconstruction of general
mechanical componentgich consists of varies types surfatesuch less concentrated.
Therefore, to fill this gap, thishapterdemonstrates a successfulaestruction method
which includes processes of 3D scanning, damage surface identification, StepRANSAC
surface fitting, SDM refitting, modelling, damage volume localization, and extraction. As
for the main contribution, the remanufacturing does not requargori information of the
nominal CAD model. Additionally, the combination of StepRANSAC and SDM has
proven a 6090% improvement in precision compared with the traditional RANSAC

method.

On the other hand, this work is still incomplete since-fogmn suface reconstruction
is not involved. Given the fact that fré@m surfaces are playing an increasingly more

important role in mechanical design, this aspect will be highly focast future.
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Chapter 5: A Cost-driven Process Planning Method for
Hybrid CNC-PBF Remanufacturing
5.1 Overview

From the literature review in Secti@3, an increasing level of interest in research on
HM-based remanufacturing has been witngégseer recent years. By summarizing these
research resultg, can beidentified thata few challenging problems that have rarely been
addressed. For example, AM and SM feature extraction relies heavily on manual
operations that lack algorithm support; fh@cess planning result is nomique,and a
guantitative evaluation mechanism is missing to support deamsaking (e.g., cost
driven decisiormaking). Therefore, addressing these two challenging issues is the
primary motivation of thichapter Specifcally, the study in this chapter is focusing on
the hybrid technologies of using CNC and PBF in sperate machines. Under this
environment, acostdriven process planning method for HM is propodédeatures
automated ANISM feature extraction. A precedendieected graph is used to represent
the process sequences amdirteger programming model is formulated to derive the

optimal process plan that minimizes the overall remanufacturing cost.
5.2 Methodology

I n this sofldyeoapanéndor an existing part)
fabricating the new part with HM technology. With AM, metal materials are deposited on

the workpiece to create new features; with SM, redundant features of ttiegepest are

removed through the subtractive process. Because of the flexibility of combining
processes, HMbased remanufacturing can be performed with different process plans to
achieve an identical effect; therefore, optimizing the process plans bagiseof global

objectives (such as cost or environmental impact) to find the optimal solution would be

necessary, which is also a challenging task. Therefore, a significant innovation of this
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studyis to develop a codiased optimization algorithm to firitle most economat HM

process plan.

Cost
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Figure 5.1: A framework of the proposed cedtiven decision system for hybrid
remanufacturing process planning

This study focuses on the PBF process for AM and thxeeCNC machining for SM,
and 2.5D features are investigated. A framework of the proposed methogsented in
Figure 5.1. It can be assumed that several used parts can potentially be used for
remanufacturing. (1) Based on the geometric informatbrthe new part, a feature
extraction algorithm is implemented to recognize the AM and SM features. Here, one point
to mention is that an automated feature extraction algorithm has been developed in this
work based on the lewskt method. (2) With the mafacturing feature information and
HM process planning rules, a partially determined process plan is determined for each
used part. The undetermined sequences can be decided through a solution calcutated by a
integer programming model. The process ptarebch scenario is then optimized locally.
(3) The most economical scenario can easily be selected by comparing the manufacturing
costs among each optimized scenario. (4) Finally, the HM process follows the mest cost

effective process plan.
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5.2.1Additive and Subtractive Feature Extraction

Feature recognition and extraction for machining processes have been extensively studied.
In machining, automatic feature recognition and extraction of a 3D part is an essential step
of process planning. However, these aldongs cannot be directly applied in
remanufacturing or HM processes because tiepBformat model is dominant for the
machining feature recognitiofL36]. Nevertheless, Bep has difficulty dealing with
numerical calculations involving two solid parts. Moreover, based on our extensive review,
the isting feature extraction methods for HM rely heavily on manual operations that lack
algorithm support. Therefore, in this research, an implicit isgefunctiorbased method

is developed to represent the 3D parts, which automated feature extraction for

remanufacturing and fully addressed the manufacturing constraints of PBF technology.

The idea of the additive feature (AF) and subtractive feature (SF) extraction method is
inspired by[137,138] which is illustrated ifrigure5.2. There are three main steps of this
process: (1) intersection part extraction, (2) intersection part modification, and (3) feature
extraction.In this study, a systematic flowchart of the proposeelset functiorbased
method is given inFigure 5.3, wherein the steps with referencing equasi are
demonstrated in detail. Firstly, the modeling history is extracted from the CAD models
and Constructive Solid Geometry (CSG) of the used part and the final part are modeled
via the levelset functiorbased method. The intersection volume is thetainbd by
optimally overlapping the used part and the final part. The intersection part is then
modified on the basis of the AM constraints. Finally, the subtractive feature (86@)
can be extracted through subtraction of the modified intersectiofrgparthe used part.
Similarly, the additive feature groufAFG) is obtained by subtracting the modified
intersection parfrom the final part. IndividuaBF and AFare then identified from their

corresponding feature group by feature recognition algosithm
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Figure5.2: An illustration of the feature extraction process
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Figure5.3: A systematic flowchart of the proposed feature extraction method
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5.2.1.1Feature Modeling

Before implementing feature extraction, the specific feature modeling approach needs to
be determined. CSG and-rBp are the two most commonly used solid modeling
approaches. With CSG modeling, a physical object can be decomposed infemult
primitives and a sequence of Boolean operations. With thepBnethod, the solid is
bounded by a set of closed and directional faces, which are bounded by edges and vertices.
CSG modeling has the merits of supporting efficient Boolean operationtpoldgy
optimization. Brep is dominant in feature recognition areas because it uniquely defines
the faces and their topological patteft36]. Currently, many commercial CAD modelers
have a hybrid data structure, using both CSG anelBat the same time to facilitate CAD

and CAM integratiorf149]. In this work, both CSG and-i&p are adopted to represent
featur es, | e v er esenggthse dhe bpedifitations et the dwab snéthodstare

presented in the following sections.
CSG modeling

In this work, CSG models are built with lexs#t functions to represent the features in
an implicit form (i.e., the part is implicitly represented bg thvel set functiofg ). For
the reader so6 c ceatfurstion fer mplieit geométree modelimgeid shown

in Equation(5-1) :

5A T mtm
Bn mhn~yTm (5-1)
B n mhn~ O

The areas with a positive sign represent the material damjfaim, the areas with a
negative sign represent the vdi¥m, and the zer@ontour represents the structural
boundary m.For example, the lewaet functions for a cube and sphereiincan be

represented by Egtion(5-2) and Eqation(5-3) respectively.
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in which who i are the center coordinates of the cuB@HOMOG is the length on

thex,y,zaxis; o hohx are the center coordinates of the sphereiscthe radius.

The overall geometry can be constructed through Boolean operations on the individual
levelset functiong135], as follows:

Unite:g B | A@® g
Intersects = B | EB 3 (5-4)
Subtracty "B | EB h B

The parametric levedet presentation can be numerically discretized onto a fixed
Cartesian mesh. The model can be visualized by distinguishing the solid and void areas.
An example of CSG modeling is shown below. The CAD model is composed of four
primary ®lids (spheres, cones, cylinders, and cubes) combined by a union operation. The
example of implicit leveket function representation is givenkigure5.4 andTable5.1.

« 100 '
0
300
300

200
200
100 100

y 00 X

Figure5.4: An example of a discrete leveét representation
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Table5.1; Thediscrete levebketfunctions.

B B "B B "B
B I EXv oo xixv o x@pmon pm
B OMm @ PULUT W PULT A& pPUT;
i i ETd pum o pum o punlpomdy ppm
B  Ebx ® punm o pumippmnan ¢m

B-rep modeling

B-rep data records both the surface geometry and the topological relationships among

these surfaces. The-iBp information can be directly read from the CAD model or
reconstructed from the 3D point cloud. The former is trivial but the latter method iaclude
the steps of (1) primitive surface extractid®0]; (2) determination of the relationships
among all the extracted geometric primitiy@51]; (3) B-rep construction by combining

information from the two previous steps. The process is illustratégume 5.5.

o

} .

Figure 5.5: lllustration of the Brep reconstruction method: Step 1: primitive extraction;
Step 2: wire construction; Step 3:rBp construabn.

5.2.1.2Intersection Part Extraction

For a given pairf{ 0 where0 represents the used part andepresents the final part
to manufacture, the first step is to identify the relative position betéeandd to

prepare for feature extrach. The principle is to maximize the overlapping material
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volume; the cost of AM is severely affected by the volume of the new material to deposit;
see Egation(5-5):

iAgwd 0,0 (5-5)

In Equation (5-5), 0 represents the intersection part ands t he materi al 6s
geometric optimization problem is formulated, where the orientation and spatial positions

of 0 and0 will be opimized.

It can be assumed thigt and are the implicit representations of the used part and
the final part, respectively, within the global coordinate sysfem afud . 1) is the local
coordinate system attached to the used @dmough Egation (5-6), an optimization
problem can be formulated to find out the translatiph gnd rotation () of the local

coordinate systemmj needed to maximize the overlapping volume betvieandts .

A M. i of 56
Y p P >0
p Tt T wéE—+ T i QE
where n, T wét OEd ; p, moop T ;on,
n OB4 wé+ [ Q¢ m wé+
Oé+ OBt 0

OB}l wé+ 1A 0 ;ando Id o are the translations in txey, z directions,
T ™ P 0

respectively; — : and—h—h— are the rotation angles around they, z axes,

respectively.

The used patt fih has a translation variable and a rotatiorialdle. The final part
is fixed bylz . The intersection par3() is the intersection of the used part and the final

part, given as:
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B Ah B Ah ., B T EB fAh s (5-7)

Therefore, the optimization problem of maximizing the intersection part can be
mathematically formulated by optimizing and by minimizing the volume of

intersection part with a negative siggshownin Equation(5-8):

i Ed Q ( B Ah Qy (5-8)
wherels fih B Ah = B .Notethal means the Heaviside function, which is
defined as:

(B p B ™
(5 mhk m (>9)

The sensitivityis a part of the gradient for a single variable. For example a sensitivity

— of the objective faction is derived through Eq5-10); others can be calculated

similarly.
Q (B AR 1B, e 1B
— - h — 5-10
) R TOQU 1T BN o) Qm (5-10)
1 is the Dirac delta function, which is defined as:
T B mB m :

This problem can be solved with a gradibased optimization solver; the algorithm
for this is shown inrable5.2.

Figure 5.6 demonstrates an example of the intersection part extraction. The used part

and the final part are represented by its level set fun@giorandlz respectively.
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Equation(5-8) helps to find the optimal transformation to transfogm to 3 with the

optimized rotation anglel — wth— Tmh— m ) and translation ¢

¢ B p p&MO  p ). The intersection paly (Figure5.6¢c) can be obtained by
B . B .

Table5.2: Algorithm of the intersection part extraction problem.

1. Starfj  ridm  and Tinit  as initial values and set a convergence value;

2. Calculate the sensitivity informatiea-h—h—h —h —h— at current point by
Eq(5-10);

3. Update each variable, @s o -—— x EASROEROA b

4. Check for convergence. If none, go back to Step 2.

R,R,R, T ~
[zuyl 1 Pu Oy

q)u— a“)u —

Transformation Intersection )
. 200

200

Figure5.6: An illustration of the intersection part extraction: (a) the original usedipart
and final part3 ; (b) the transformed used p&rt and final party ; (c) the intersection

partlz .
5.2.1.3Intersection Part M odification for Collision-free Remanufacturing

The next step is to manufactureinto 0 subtractively and then deposit new materials on

top to form0 . However, with the PBF process, the build surface must be flat to avoid
collisions between powdeecoater and the part. As shownFigure 5.7, 0 should be

adjusted to form a new that provides a large enough flat platform to support complete
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material deposition from to 0 . The principle is to minimize the perturbation @rto

maintain the largest reusable material volume; seatan(5-12).

i EA w00 (5-12)

Building faces Removed volume
Lowest level of

building face

Building
direction

a b c

Figure 5.7: An illustration of intersection part modification: (a) the yellow areas are
building faces derived by directly intersectingandv ; (b) the red volume is removed
for intersection part modification; (c) modified intersection pawith a flatbuild surface.

For SM and AM, assuming that the principal axis of the cutter or the laser head can
only be aligned in the ¢h ¢h adirections within the global coordinate system, so that

the feature recognition can be conducted within reasonable cdroputiene. With this

maximizing the bounding plane orch «h & directions The constraint ensures that the

volume of subtracting the final part by intersection part in the boundary is less than

i Ed8Q @

i § , (5-13)

Q-

D 0D

NN~ M~

defined as a very small positive number to improve numerical robustness.
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Lagrange formulation of the optimization problesrdiefined in Eqation(5-14):

0 Qg w © w

_ VDIEBRE QaQod

e

(5-149)

The gradient of the Lagrange formulation is given as:

ataTelolo ol 19

where— and— are calculated in Egations(5-16) and(5-17). The other directions of the

gradient can be easily obtained, as these have similar formsiaidy5-16).

— P _ OITEBHhE QuQw (5-16)

— OIEBhE QoQwla (5-17)

vvvvvvvvv

algorithm (Table5.3).

Table5.3:Algorithm of the intersection part mdubiation problem.

1. Select the boundary ofg as the starting point for ghohohuitdw
PAT @A T ARIB OEDQAIME AO

2. Calculate the sensitivity information at the current point by(&45).
3. Update each variable, @s a -— hx E A RO EG®A

4. Check for convergence. If none, go back to Step 2.
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can be represented by:

B B. B
(5-18)
B iETa)dj‘:bg)Fr‘bd)ﬁb&')FﬁdFﬁg

Figure5.8 demonstrates the process of modifying the intersection plaigune5.6. In
this caseq is the only variable being updated during optimization and the opdima&0
mm. The leveket function of the optimized intersection parsis | E18 fp ¢t
ofolp ¢ mohoky T dh .

Figure5.8: An example of modifying the intersection part

5.2.1.4Feature Extraction

A subtractive manufacturing feature group (SFG) and an additive manufacturing feature
group (AFG) can be obtained by Boolean subtraction of the modifiedaateon partlf )
from used partf ) and final partt§ ) respectively, via Bagation(5-19).
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B B "B
B B "B

(5-19)

Individual features then need to be recognized and extracted from their feature groups.
Machining feature recognition comprises a large body of the litergt86¢ Hencethis
researchdoes not focus on developing new machining featureogmition technology.

With the help of Brep data, the SFs can be decomposed from the SFG by algrsgxh
feature recognition method that is implemented in most commercial feature recognition

systems; see Eation(5-20).
B O 3 &B &B &8 & (5-20)

AFG is composed of boti\Fs andSFs. Because of the limitations of AM, it is
necessary to leave sufficient oséickness for the finishing operation to meet the
tolerance and surface roughness requireméhis.overthickness is defined as the extra
offset value for each deposition layeir the profile for AM process, which is left for
finishing operation of SM process toeet the tight tolerance requirement and surface
roughnessThe overthickness value is estimated by the required specifications of the final
feature, the surface roughness generated by the AM processes and the machining
conditions[88]. As a result, the modified additive featugeoup ( &) is updated by
considering ovethickness. The & 'can be derived via Emtion (5-21), where O
represents the owhickness value. The residual subtractive feammeup 3 & 'is
obtained via Egation (5-22). Similarly, the individual SFs could be recognized by a
graphbased feature recognition method byugton(5-23).

B— B Oor B (5-21)

B— B—"B (5-22)
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Eb—©° 3& B& B& MBB& (5-23)

5.2.2PrecedenceConstraints

A large group of AM and SM features can be extracted from the feature recognition
algorithm; however, the sequences of some operations are forced because of the
topological rehtionship among features and also the hybrid process planning rules.
Therefore, this part of deciding the process sequence is fixed without any degrees of design
freedom, which should be formulated as precedence constraints in the global process
sequence mimization problem. A list of rules needed to form the precedence constraints
can be summarized fro[@88,100]and this list is given ifTable5.4.

Table5.4: Manufacturing rules for HM.

Rul e 1:-i mMtOpe nrsel ati ons
additive feature and a subtractive feature

If a subtractive feature is embedded in an additiv
feature, the process should have the preceden
constraint of AF first and then SF.

SF

Rule 2: Two additive features interact with a
subtractive feature

The building and finishing sequences are relate:
to precedence relations between two AFs and or
SF. As an examplel, &interacts with theSF,
and the SF interacts with! &. Because of
machining tool accessibility, the SF needs to be¢
created after building & and before building

I &
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Rul e 3:i mtOpdte nrsel ati ons
subtractive features

If a subtractive is nested in another feature, th
top (nesting) feature should be machined befor:
the bottom (nested) feature.

Rule 4: Building collision

This constraint controls the sequence between &
SF and AF. For the PBIprocess, the build
surface must be flat to avoid collision between
the powder recoater and the part. Thus, AF neec
to be made after SF.

Rule 5: Hole deburring

This constraint controls the quality of a machinec
hole. After drilling a hole, burrs may remain after
the operation. If the hole feature interacts with
another subtractive feature, the burrs can b
removed after machining. If a hole feat®rek
interactswith a pocket featur8 & then the hole
feature should be machined first.

Rule 6: Instability caused by an SF

If the process of an SF causes instability of the
part in the setup of the AM operation, then the SI
must be machined after the AF process.

Rule 7: Tight tolerance constraint between two
SFs

If SFs (3 &, 3 &) are constrained by a tight
tolerance relationship, they should be arranged i
the same setup to eliminate system fixture errors
If this is impossible, the setup 03 %
(respectively3 2) requires the machine surfaces

SF1

SEk2
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of 3 2 (respectively3 9 to be useds locating
surfaces to position the part.

5.2.3CostModel Estimation

So far, some process sequences are still undetermined. Therefore, to facilitate global
process sequence optimization and decisnaking to choose the most economical hybrid
process plan, a cost model for each feature is proposed. In this section, thedslss
divided intothe cost of SF, cost ofAF and cost of change.

5.2.3.1Cost of subtractive feature

The cost of SF aims to investigate the cost of each subtractive operation (e.g., roughing,

finishing). The cost includes operation cost and tool cost asviillo

# # z0 # z1 (5-24)

where# is the total cost of an SE, is thehourly operation cost for the machining
processQ is the machining time for the S, is the cost of each cutting tool, and

] is the number of tool changes.

The machining time is determined based on the material removaM@) (which is
highly dependent on the cutting parameters. The cuttingnpeters under roughing and
finishing are different. Roughing operations aim to remove the bulk materials rapidly to
shape the workpiece approximately towards the finished form. Finishing operations are
executed after roughing or AM to improve surfacelitpiar to meet tolerance and surface
finish requirements. Moreover, milling and drilling operations have different equations for
calculating theMRR. The following equations are proposed for machining time with

constant cutting parameters:
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where6 is the volume for the SB is the axial depth of the cud, is the radial depth
of the cut,O is thefeed rate of machining; is the diameter of the cutting tool, and2 2

and- 2 2 are the material removal rates for milling and drilling, respectively.

5.2.3.2Cost ofadditive feature

Out of the many AM technologies, the AF cost model in this article is progosed
PBF technology. Generally, PBF processes can be divided into material deposition and
postprocessing. For remanufacturing, the separation process can be eliminated, since the
part is not built on top of a substrate. Therefore, the-pastessing costan be ignored.
The studyonly need to consider the cost of building and of material consumption for an

AF, as shown below:

#  # z0 # (5-26)

where# isthe total cost of an AR is thehourly operation cost for the AM process,

O is the building time of the AF, art is the cost of material consumptidnstead

of adopting a build time estimator integrated with commercial AM software, this study
uses a generic formula forlcalating build times by using a linear regression m@tis2],

as shown in BEgation(5-27).

O A Az. Aze A:z3

( (5-27)
4
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where. is the number of layers built, is the height of the A} is the predefined
layer thickness, and and3 are the volume and surface area for the riégpectvely.
The material cost is calculated by the material consumed for building the AF part and its

support structure, as:

# 6 " 6 T # (5-29)

where,6 is the volume of the ARp  is the volume of the support structure for the
AF part,” is the material density, is the material density of the support structaned

# indicates the price per unit of metal powder.

5.2.3.3Cost of Change

The cost of change is incurred by machine changes, orientation changes, or tool changes
between two consecutive operations. The machine, candidate orientation, and candidate
tool information for each operation are given in advance to enable estimatiwercbiéinge

costs between any two operations. CM, CS and CT indicate the machine change cost, the

re-orientation cost, and the tool change cost respectively, and the details are given below:

Machine change cost:

When the machine needs to be changed betweenconsecutive operations, the
machine setup of the subsequent operation is required. For a PBF machine, the setup
process consists of uploading the building file to the machine, setting the process
parameters, and filling the machine with argon gasaFONC machine, the setup process
includes tool loading, workpiece fixing, and warming up the machine. The machine

change costs for PBF and CNC are formulated as follows:

(5-29)
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where# is thehourly operation cost for the PBF proceSs, is the setup time
for the PBF machine# is the argon gas cost, is thehourly operation cost for the

CNC process, an® is the setup time fahe CNC machine.

In the proposed method, a machineBet0  plkfesdD (Pindicates the index of
the machines) is mapped to a set of machine change #ostad the element(-

represents the setup cost of thenpachine. The machine change set can be represented as

follows:

#- #- E #-  wherepr 0 plthedD (5-30)

For example, a CNC machine (index 1) and a PBF machine (index 2) are used in a
hybrid process# - r epresents the cost incurred in
$180.# - is $12.5, which is the cost of setting up the CNC machine. In this case, the

machne set is 0 plt , and the machine cost set s
- pYTp @

Reorientation cost:

A re-orientation change occurs when the orientation of the workpiece is switched within
the same machin&dhe reorientation for a PBF machine also requires machine setup
processes, so it incurs the same cost as a machine change. For a CNC machine, the re

orientation requires workpiece fixing (seeuatjon(5-31)).

# 2 # -
~ (5-31)
# 2 # z 0
whereO is the reorientation time for the CNC machir@milarly, the reorientation
cost for different machines can be calculated viagEgn(5-32).
#2 #2 E #2 wherep' 0 plgissD (5-32)
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Suppose that a CNC machine (index 1) and a PBF machine (index 2) are used in a
hybrid process# 2r epr esent s the cost incurred by the
$180.# 2 is $4, which is the cost of setting up the CNC machine. Therefore, the re

orientdion costseti% 2 p Y 1t .
Tool change cost:

Tool changes happen between two adjacent operations with the same SM machine and
the same orientation. It is worth noting that, tool changes never happen in a PBF machine.
In order to keep the optimization formulas consistent, the tool change cost ssaset a
infinite value. It can avoid processing invalid tool changeth@PBF machine during
solving the optimization problem. For CNC machining, the tool change cost is formulated

as:

# 4 # 20 (5-33

whereO is the tool change time fahe CNC machineThe tool change cost set is

formulated as the following equation:

#4 #4 E #4 wherepr 0 pltissD (5-34)

For instance, a CNC machine (index 1) and a PBF machine (index 2) are used in a
hybrid process# 4 represents the tool change cost, which is represented as a very large
positive numbe# 2i s $4, which is the cost obre,t he CNC

the tool change cost setds2 H 1 .

5.2.4Sequencedptimization

The global process sequence optimization problem is formulatednasteger
programming model. A general formulation of the precedeoostrained operation
sequencing problem (PCOSPPR] is modified in the proposed methoddptimize the
HM process sequence. The definitiaigparameters and decision variableshe model
are given infable5.5.
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Table5.5: Definitions used in sequence optimization

Parameters
The feature sefEy . pft Fesch

0 The machines@®~ 0  plfsED

1 ThetoolselN 1 pighssdi

2 The TAD setOv 2 plrs®

& The feature set, wheflEy &  pltfe8h& in any feasible sequence

- The machine operation cost indefor example,- indicates machine
operation cost for featuf@ising machin®

4 The tool cost indexfor example4 indicates tool cost for featuf@sing tool
n

# - The machine change cost set

# 2 The reorientation cost set

# 4 The tool change cost set

Decision variables:

|,

O

Selected machine for the featufer exampleg p if machiner is used
for feature’andd Tt otherwise

Selected tool for the featyrtor example®  pif tool rj is used for feature
‘D0 motherwise

Selected TAD for the featurtor exampleA  p if TAD 1 is used for feature
'R0 motherwise

Process sequence between featfesexampled  p if feature(s
operated before featuil®@  motherwise
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In the objective functiordErepresents the total machine cost and tool cost. Specifically,
for AFs, the powder consumption during the building process is counted and added in the
tool cost./is the total cost of changing machindsformulates the total setup cost caused

by changng the orientation of the workpiece in the CNC and PBF machtoalculates

the total cost of changing the cutting tool.

Objective function:

| E8%# £ £ £ £

A - 4 O
Y #-1 @ p I I FME E
(5-39)
/E #1 @ p I AA E E
/E #4 @ p [ 00 [E E
Constraints:
@ @ pn !B (5-36)
i pn O pn A pn !BEv. (5-37)
@ pN @ pn 'BEv . (5-39)
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© o phn !EEY& (5-39)

@ pht Ni pimnN® pmM  plr | EEY . N DO

N ) (5-40)
on N~ 11 O 2

Equation (5-36) means that there is, at most, one operation between two features.
Equation(5-37) stipulates that one operation in a process plan should be performed with
only one machine, one TAD, and one tooluktipn(5-38) indicates that one operatios |
performed before or after a feature.uajon(5-39) ensures the precedence relationships
given by the HM rules. Ration(5-40) limits the variables to integer values only.

With this mathematical formulation, the PCOSP can be solved through branch and

bound, linear programming, and dynamic programming as exact appsoac

5.3 CaseStudy and Discussion

In this section, the proposed method is illustrated with a remanufacturing case study. As
shown inFigure 5.9, there aréwo used parts, one of which will be selected to build the
final part. Two scenarios for the used part A and B are generated as two remanufacturing
process plans. The proposed edisten decision system is applied to optimize the process
plans of both snarios and facilitate the final decision. Specifically, the pocket (p1) and
the surfaces (sl to s3) require high surface precision. Surfaces (sl to s3) are constrained
with the tolerances of the dimensions X1 and X2. The dimension of pockets (pl) is

constained with X3, the position of it is constrained with X4.

X2£0.03
En)
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Figureb.9: Test parts: (a) the used part A and (b) the used part B, and (c) the final part, (d)
the top view of the final part and some important dimensions discussed in the case study.

The CSG for two used parts and final part are built by discrete level sebfisot a
design domaif© (150*150*50) with grid sizé&/cy(0.5mm)in Figure5.10, Figure5.11and
Figure5.12.

Used part Ay i EB h i h i h i

d)cube4
d)cubez

d)cubez

300
S P eube 1 250
150 200
> -
100 150
> 100

X

Figure5.10: Discrete levebket representations of the used parts in Scenario A

~

Used part B i ETA® H3 h i
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100,
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CIJf:;.l'lz
50

D

cubes

300 S
R
200 -
o Dyt "m0

‘I}cubetl-

a0
250

y 500 g

Figure5.12: Discrete levebket representations of thieal part.

In order to maximize the intersection volume, the intersection part extraction algorithm
is implemented for the used parts. The results of optimizing the translation and rotation
vectors of the used parts in Scenario A and Scenario B are listeabia5.6 and the
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optimal intersection parts are shown Rigure 5.13. Their convergence histories are

presented ifrigure5.14.

Table5.6: The optimal translation and rdian for test parts.

Translation (mm) Rotation (}
o 0 o — — —
Scenario A: 4.07 4.21 8.33 0 0 0
Scenario B: -20.18 10.17 4.32 0 0 180.02

Next step, the intersection parts are modified with respect to the constraints of the PBF
process. The results for the optimal variables and the modified intersection parts are given
in Figure 5.15. Specifically, in Scenario Ajis the only variable which has naero
sensitivity, so the result of the modified intersection part is bounded Ry

T Y & TY®. In Scenario B, botki and®@have sensitivies in optimization, and the
intersection part is updated with bound f [ Elp x o mwwYow. The

convergence histories of this optimization problem are presentédure5.16.

100 100

50

300 300

250

- — 250 200 — 250
150 < 200 150 200
100 < 150 1007 150
. e 100 : — 100
y - 's0 50 "
(VI [

a b

Figure5.13: Optimal intersection parts in (a) Scenario A and (b) Scenario B.
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Figure 5.14: Convergence histories of the intersection part maximization problem of (a)
Scenario A and (b) Scenario B.
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Figure 5.15. Boundaries for modifying thentersection part in (a) Scenario A and (b)
Scenario B; the results of the modified intersection part in (c) Scenario A and (d) Scenario
B.
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Figure 5.16. Convergence histories of the intersection part modification problem of (a)
Scenario A and (b) Scenario B. (the units of the objegtiaeis are mm).

With the modified intersection parts, the SFG and AFG are obtained and individual SFs
and AFs are extraed from their corresponding group. The results of feature extraction
are presented iRigure5.17. In the case of Scenario A&iQure5.17), there are two AFs
(! &and! &) and ten SFs3(&to3 &). There are two points to noticg:&and3 &
remove the support structures!o and! & respectively] &and! & should not be
combined in a single AM process, since s1 of the final parHigees5.9) requires a high
surface quality, wich can be achieved through a finishing proc&s& (. In Scenario B
(Figure5.18), there are four AFd (&to! &) and eleven SF8(&to3 &).! &and! &
have diffeent building directions froh & and! &, which will cause a rsetup to switch
the build direction of the workpiece in PBF. Another point worth mentioning iStigat
and3 & need for surface finishing to meet the precision requirement of pl in the fina

part (sed-igure5.9).
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Figure5.17: The SFG, AFG, and individual SFs and AFs for Scenario A

SF10

Figure5.18 The SFGAFG, and individual SFs and AFs for Scendio
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The precedence constraints are expressed by the preceliieuted graphs ifigure
5.19. The black links indicate the precedence relations between features and red links
represent the tolerance constraints between features. For Scen&iguve $.19a), the
precedence constraints 'of&©° 3 & ! &° 3 &! &0 3 &! &©° 3 &, and! &©
3 & follow Rule 1. The precedence relationships &© 3 & © ! &follow Rule 2,
which avoids collisions between the cutter &n&. 3 &° ! &is a result of following
Rule 4.3 &is required to be machined bef@e&, which reduces the heldeburring
issues described in Rule 5. According to Rul@ &should have the s@ machining
setup of 3 & In the process plan for Scenario Bigure 5.19b), the precedence
relationshipd &© 3 &,! &© 3 & are constrained by Rule IThe relationships for
I &0 3 &0 ! &follow Rule 2.3 &° ! &and3 &° ! & follow Rule 4 to avoid
building collisionsRule 6 is applied i & © 3 & 3 &must have the same setup3o&
due to Rule 7.

X410.03

@ @ a @ @ .

a b

Figure5.19: The precedenedirected graphs for (&g§cenaricA, and (b)ScenaridB.

The operation costs and change costs are formulated according to the proposed cost
models. Several parameters are used in thesestmstations, which are shown Trable
5.7. The manufacturing resources, including the available tools and machines, are listed in
Table5.8.

The PCOSP can be solved by LINGO with a braacttbound solver. The optimized
process plansf Scenario A and Scenario 8e presented iable5.9 and Table5.10,

respectively The minimum HM costs are $ 2421.29 and $ 1272.15 for Scenario A and
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Scenario B, respectively. Thedore, in this case study, it can be determined that it is more

economical to apply Scenario B in remanufacturing according to the optimized process

plan.
Table5.7: Data used for cost modeling
Parameter Value
# 25%/h
# 5%
# 100 $/h
4 0.05 mm
" 18 @p 1 @mn?
T 0.4
A -1.29 h
A T® @ p T h/mm
A p&zp m EA I
A pdapm EAM I
# 450 $/kg
0 1.5h
# 20 $/h
o) 0.5h
o) 0.33h
0 0.17 h
Table5.8: Manufacturing resources
Tool ID Tool type Diameter (mm) Length of cut
(mm)
T1 End mill 20 50.8
T2 End mill 10 38
T3 End mill 5 21
T4 Drill 5 26
T5 Drill 10 47
T6 PBF - -
Machine ID Machine type
M1 CNC machine
M2 PBF machine
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Table5.9: Optimal process plafor Scenario A.

Scenario A

Sequence Features Machine TAD Tool
1 SF1 M1 +z T1
2 SF2 M1 +z T1
3 AF1 M2 +z T6
4 SF10 M1 +z T2
5 AF2 M2 +z T6
6 SF9 M1 +y T3
7 SF5 M1 +y T4
8 SF8 M1 +X T4
9 SF3 M1 +X T4
10 SF6 M1 +y T2
11 SF7 M1 +y T3
12 SF4 M1 +y T3

Table5.10: Optimal process plafor Scenario B.

Scenario B

Sequence Features Machine TAD Tool
1 SF2 M1 +z T1
2 SF1 M1 +z T2
3 SF8 M1 +z T2
4 AF3 M2 -y T6
5 AF1 M2 +z T6
6 AF4 M2 +y T6
7 SF4 M1 +y T2
8 SF7 M2 +y T3
9 SF3 M1 +X T2
10 SF6 M1 +X T5
11 SF5 M1 +X T6
12 AF2 M2 +z T6
13 SF11 M2 +y T3
14 SF10 M2 +y T5
15 SF9 M2 +y T3
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Figure5.20: The optimal plans for (a) Scenario A, and (b) Scenario B.

Although the primary focus of this study is on the process planning of HM in a
remanufacturing context, it is valuable to discuss the cost of production with other
manufacturing strategies. The hybrid solution is needed to be compared with other
solutionsif the final part is manufactured from raw material rather than used parts via AM
and SM.

With the single PBF or CNC processes, the costs for each process needed to produce
the final part are listed iable5.11. It is obvious that the manufacturing cost of PBF is
much higher than the cost of the remanufacturing strategy. By contrast, the CNC process
seems to be a more economical solution. However, the CNC prexdsgcult to form
complex geometriesF{gure 5.21a) or internal structuresigure 5.21b). In addition,
remanufacturing is more environmentally friendly than the conventional strategy, wherein

the existing part is recycled instead of the polluting disp@S4l

Another worth discussion point is that to decitie feasibility of the proposed
remanufacturing process, not only cost but quality and productivity should be considered.
In the PBF processnany process parametexan affect the porosity, microstructure and
mechanical properties tiie built part, such ascanning speed, layer temperature, power,
layer height, etc. In addition, the selection of material is critical to determine the quality
of the AM part. For the different quality requiremerdf the AM part, the variations of
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process parameters and materiedn change the cost. In machining, surface roughness
plays an important role ithe evaluation of machining accuracy. Machining parameters
including spindle speed, feed rate, depth of cut and selection of cuttiraffeadiurface
roughness. This studg only focusing on the cost of PBF and machining processes with
fixed parameters. However, to implement the proposed method in a real application, the
determination of parameters of PBF and machining processes will be studied for the

quality requiremenin theindustry.

Table5.11: Manufacturing cost for the single PBF and CNC process.

S_etup Argon Build time Material Building
PBF time gas cost (h) cost ($) cost (%)
process () (%)
1.5 30 21.15 1918 2121
Machining Re -
CNC tirsniflzﬁ) C?)t;c(l;) feature orientation Mfg;' r(1]$r)lg
process number time (h)
0.5 353 8 0.66 30.42

a b

Figure5.21: (a) A part with complex geometriésom academic resear¢82]) and (b) a
part with internal structurg$érom academic resear¢h31]).
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5.4 Conclusions

Modern HM has emerged through mixing AM and SM to provide a more flexible,
productive, and capable manufacturing approach. Since it makes full use of the individual
advantages of AM and SM to add or remove features flexibly, HM increases the ability to
remanufacture to a higher level. However, there are still some research gapstaddil
remanufacturing. The motivation of this study is to address two challenging problems,
namely that AM and SM feature extraction relies heavily on manual operationscthat la
algorithm support, and that the process planning result isinigue and a quantitative

evaluation mechanism is missing to support optimal decisiaking.

In order to address these two issues, #tigly proposes an efficient cedtiven
decisionmakng method for hybrid additivesubtractive remanufacturing. The main
contribution of this study consists of the automated AF and SF recognition process and the
costdriven HM process plan optimization. The leget based geometry representation
and the dwiled procedures and algorithms used to conduct the feature recognition process
have been illustrated. The HM rules are formulated into a precedeected graph as
constraints. With the carefully developed HM cost model, the process planning job is
converted to a PCOSP and is solved by a braarwthbound solver. The best scenario for

remanufacturing can be determined accordingly.
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Chapter 6: Collision-free Process Planning of Integrated
CNC-DED System for Remanufacturing
6.1 Overview

HM system synergistically integrate8M and SM processes within a single
workstation (sed-igure 6.1), has gained a lot of attention from academia andsingu
[111]. HM can capitalize on the strengths of independent techniques, whilst minimizing
their disadvantages. At the same time, it has the potentialsatdeeremanufacturing
technologies to achieve further improvement because it can to remove and add features
flexibly. From Section2.3, the integrated HM systems ameviewed in industrial and
academic perspectives. It can be concluded tlst of the single platform workstations
for HM processes are integrating subtractive CNC machining and addiEeHowever,
these machines indicate rare support for the automairocess planning for hybrid
operations. The HM hardware technologies are striding ahead, whereas the process
planning software to support their incredible capabilities are falling behandhis reason,
an increasing level of interest in research mtess planning fadM has been witnessed
over recent yearshich islisted in Section2.3. From these research resultscan be
identified that SM is mostly playing a role as pasachining for AM in the HM process.
Therefore, it is complicated to be applied directly in the rerfaaturing, since SM is not
only postmachining but also including geometric forming as AM process in
remanufacturingln addition, in remanufacturing context, the collisioritefDED nozzle
and workpiece is a critical issue because the deposition pheiganot a simple geometry

during remanufacturing.
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Figure6.1: The configuration of the workstation for the hybrid mackfnem

academic researg¢h53]).

This chapters aiming to develom method that provides automated feature extraction
and costriven process planning for an integratBdED-CNC machine. The main

contributionsin this chapteare list as follows:

1 Both primitive andreeform features are modelled in level-betsed representations
for the automated feature extraction which facilitate the process planning for HM
remanufacturing;

1 A collision-free DEDCNC process planning method is developed, resulting in the
minimal cast in HM remanufacturing process;

1 The defect and damaged area of the used part are considered to formazipiréng
feature in the process planning, which is an issue rarely addressed in the previous

studies of process planning for remanufacturing.
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6.2 Additive and Subtractive Feature Extraction

In this work, the level set function method is implemented to describe models with
primitive and freeform surface3he flowchart of the additive and subtractive feature

extraction method is proposedkigure6.2.

Input

i Notations:
o | Usedpant [ - > D‘“" > LSF represcntation for LSF: level-set function DED: direct energy depoistion
L_—: acquisilion poini clouds PBF: powder bed fusion
- SMV: subtractive manufacturing volume
5 l AMV: additive manufacturing volume
: | Final part _ | LSF representation for Extraction of pre- _ |Pre-machining AF: additive feature  SF: sublractive feature
: 3 CAD model machining feauture i feature
-

LSF final part

LSF used part

Intersection parl
extraction

_| Overlapping material
volume maximization

Nozzle collision
problem in DED

Intersection part
modification

LSF intersection part

SMV extraction > AMV extraction ,AF.
cxtraction
I .
Residual SMV AFSs

cxtraction

C8G-based machining SFs

feature extraction

Figure 6.2: The flowchart of the proposedF and SFextraction method forthe
remanufacturing process

6.2.1Level Set Function Representation for the CADM odel

Level set functiorg ;. 'Y © 'Y describes the geometry in an implicit form, as shown

in Equation(6-1).
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BA mhAN mitm
Bn mnvim (6-1)
B n mhn~ O

wheremft mis the material domaifQfmis the void] mis the structural boundary.

In the level set functiobased modelling approach, the 3D modetasstructed by

bounding the boundary surfaces, as:
B [ EE KB M B (6-2)

As an example, the cube wittb iy K as the center coordinates af@dBOBOd

as the lengths on they,zaxis can be represented by bounding six planer surfagges of

~ ~ ~

— o6 M — oo "W — o o mwg — o

w Tmy — a a T — & & 71 asshown ifFigure6.3.

H
S+ =y)=0
Hx
?—(x—xg)=0

H
~--y)=0

H
?Z_(Z_ZO)ZO

%+(z—zo):0

Figure6.3: An example of a discrete level set representation for a cube

This work focus on the level set function modelling for freeform geometries. From
Equation(6-2), it can be manifested that finding the implicit forms for boundary surfaces
is the most crucial work for the level dmsed modelling approach. Algebraic techniques
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based on elimination thepenable the conversion of parametric expression to its implicit
expressiors | Tt Elimination theory investigates the conditions under that the sets of
parametric expressions have common roots. The vanishing of the resultant is a necessary
and sufficientondition for the parametric expressions to have a commoirival root.
Theimplicitization ofparametric geometry is based on the construction of these resultants.

A freeform 2.5D geometry can be constructed by extruding its freeform profile. As an
example, in this study, the Bezier curve is implemented to represent the freeform profile.

The parametric form of the Bezier curve is shown as:
70 6r 6 | (6-3)

whereg 6 Qo RQo6 , | Armr ,65 6 6 ¢R p 6 6 EhQis
A

the binomial coefficientd &£RQ n

nis the degree of the curve, and the number

of control pointsp and0 arex andy coordinates of the control point

By following elimination theory, the implicit form of the Bezier cuiye N can
be obtained by eliminating the parametbéetween the parametric expressions in(&e)

by letting the resultant of them to be equal to zero.

As an example, a cubic Bezier curve is constructed by three control pbints:
mmh t1f ¢ ¢ nhtmandd  mdm . By implementing theelimination
theory, the implicit form for the Bezier curve can be obtained and the contour figure is
shown inFigure 6.4a. Then, the 2.5D freeform shapenche modelled by 1
i ElR s 3 , wherel pud aandh d pca. see
Figure6.4b.
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Figure6.4: An example of a level set representation for 2.5D Bezier curve shape: (a) the
contour of the Bezier curve in thevel set formnote: the value is divided by 10e7); (b)
2.5D Bezier curve shape.

The parametric Bezier surface is extended from Bezier curveamalv directions, as

follows:

=|0Ff) O0frp 6005 0”‘5 (6-4)

wheres ol "Q 6 RQ o AQ o and|fy  ARMEME .

Analogously, the elimination theory can help to find the implicit form for the parametric
expression ifcquation(6-4). A Bezier surface is modelled by3control points; the level
set form of this surface is shownhigure6.5a. The Bezier shape is bounded with planar

surfaces @ c¢mhy onmnadl © ¢ @ T W seeFigure6.5b.
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Figure6.5: An example of a level setpresentation for (a) Bezier surface; (b) Bezier shape
with boundaries.

The complex geometry can be constructed through Boolean operations on tisetevel
functions. However, this representation will cause -differentiable problems in
numerical calculton. Rfunctions can combine level functions of a complex structure into
a new smooth level set function by operations afoRjunctionZ and Rdisjunctionz ,
which are equivalent to Boolean operationand” [154]. The operations of functions

are defined as:

Unite:s B 1 A@ 3 B B B B
Intersects = B | EB M BB B B (6-5)
Subtractz "5 | EB h R B B B B3

6.2.2Level Set Function Representation forPoint Clouds

For a given used part, data acquisition is the first stdttalize the part to point clouds.
Therefore, the other situation is that we have the point cloud as the geometryf oput
converting the point cloud data to the level set function model, the surface fitting
techniques can be applied to obtain the patars of surfaces and these parameters are
used to forming the level set function representations. In this study, random sample
consensus (RANSAC) surface fittifgl] is employed for surface fitting. The pseudocode

for the forming level set function representation of the point clouds is givEabile6.1.
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Figure 6.6 provides two examples of the surface fitting for cylindrical surfaces and sphere
from point clouds. The colw scale bars indicate the distance of epaimt to the fitted
surface. The parameters of fitted surfaces are utilized for forming the level set functions
through the proposed algorithm.

Table6.1: Pseudocode of the forming level set function reprasiem of point clouds

Input: point clouds of the used part P

Set the max distance and max angular variation for fitting
E p

Remaining point® ;N 0

For the plane fitting, cylinder fitting, cone fitting, sphere fitting, ffeem surface
fitting:

While there are enough points for supporting surface fittir® g
Parametric surface paramet8rd' surfacefitting from 0
Converting the parametrgurfaceto implicit function:g N 3
E E p
Remove the point8 which fit from remaining points to form new
remaining point® j

Forming the level set function representation from collected implicit functions |
Boolean operationg N B M H3

End
Output: level set function representation of the used parg

For construction level set functions for freeform surface, the surface fitting for freeform
surfacetechniques can be employed. For examplentreuniform rational basis spline
(NURBYS) surfacefitting from point clouds has steps as: (@rameterization of knot
vectors; (b) determination of boundary condition; (c) calculation of control points; (d)
construction of NURBS surface. Since the surface fitting for freeform surface is a well
developed area and it is not the contribution in ¢higly; the method used for NURBS

surface fitting is presented in Appendix.
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Figure 6.6: (a) Cylindrical surface fitting result and level set functif); Sphere fitting
result and level set function

6.2.3Extraction of Pre-Machining Feature

In the repairing process, the defects on the damaged part need to beechattbia surface
cavity. This cavity is to be refilled by the deposition of materials to recover the local
geometry of the part. Equivalently, in terms of the remanufacturing process, it is necessary
to carve out defects from the damaged part to elimirthe perturbation for the
remanufacturing process planning caused by the defdutsstudy define the machining
feature to carve out defects gsramachining featursince it has a similar concept as the
premachining in the traditional machining pess to remove the imperfections of the

stock.

To construct the prenachining feature, the first step is to segment surface defects from
3D scan data. In this work, random walks for unorganized point cloud segmef@&{ion
is adopted, since it does not rely on strong assumptions mabe ohdaracteristics of the
expected defect or the geometry of the surrounding area. The algorithm segments defect
areas on a weighted, undirectiechearest neighbour graph-RNG) defined by local
changes in point cloud properties. An example of the defegmentation from point
clouds by the random walks algorithm is showRigure6.7. In the figure, the blue points

indicate the points without defe@sd red points refdo the points on the defective area.
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Figure 6.7: An example of defect segmentation from point cloud by the random walks
algorithm

a b
Figure6.8: (a) Hole; (b) Rectangular pocket.

Different machining features can be applied to carve out the defectTaisastudy
only investigatedwo basic machining features for the sake of simplicity. It is trivial to
extend the mathod for other machining features. The hole and rectangular pocket are
shown inFigure 6.8, and the level set function to represent these feaisigesented in
Equation(6-6).

Hole: B T ETY & & w 0w h a ah
a «
(6-6)

Rectangular pockett | El— ® ®w h— ® o h—

w Oh— o O & &k a a
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