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Abstract

Bolus is used to cover treatment areas of the patient skin to improve the dose
distribution. Theexisting method of bolus shaping is a manual process to cut the
material into pieces then wrap and covethem on the targt area, which is
time-consuming and inaccurate. This research propasesteringbased surface
segmentatiormethodsto improve accuracy and efficiency of the bolus shaping.
Segmentatiormethodsare developed foaccurate shapanfolding, efficien model
retrieval, andptimal 3D printingdirection

For the accurate shapenfolding, surface flattenabilitys improvedusing a
spectral clustering method based on features combined topologgegntentation
saliency A 3D meshsurfaceis optimizedusinga particle swarm optimizewith four
requirements and one constraint to further improve surface unfolding acclinacy.
3D mesh surface is unfolded into 2Ianesin a coordinate transformation process
improvethe iterative efficiency using@ massspringmodel with crossed springBor
the efficient model retrieval, an imageased method is proposassing visual
entropies andeatureskeletors of images and model$-or theoptimal 3D printing
direction, an improved spectral clustering methedlevelopedby combiningthe
surfacetopology and printing featurége improve surface quality and reduce support
material High-level featurs of the topology and printingare abstracted b$tacked
Auto-encoders

Case studiewverify the proposedegmentation andptimization methosl The
shapeunfolding method significantly reduce processg errors. The imagebased
model retrieval method shows its accuracy and efficiency in different applications.
The surface segmentation increasirface quality and redussupportmaterial of

the3D printed product.
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Chapter 1Introduction

1.1Background
1.1.1 Researchotivation

High-energy radiotherapy (HER) is a common method used in cancer treédWyent
et al 2013. When treatingsuperficialtumors,a phenomenoof "skin-sparing effect"
occurs to affect the dose distributi@dhou et al, 2015)A piece of material called
bolus is required to cover the treat ment
for the sufficient dose distributio(Menzel 2014) The bolus is usually made from
synthetic materialsuch alRW3 phanton(Srokaet al, 2010 andElasteGel (Was et
al, 2013)in a thicknessof 5 to 20 mm(Canterset al, 2016) Ideally, the bolus should
conform closely to the underlyifga t i e nwittsout airsgkpis. n

The existingmethodof bolus shaping used @ancerCare Manitoba a manual
process to cut the material ipeeces then wrap and coveéhemonto the target area.
This processis time-consuming and inaccuea Especially for irregular shapes of
body parts such as knee, nose, and elbow, the marade bolus can cause large air
gaps betweethetreatment area and bolus, which redubegherapeutic effect.

Different methods haveebn proposed d improve the bolushapiry accuracy
andreduce air gaps bolus applicationsdParaffin wax bolus was used to fit irregular
surfaces by making plaster mold and pouring molten wé#Rriscoll et al, 1992)
Super Stuff bolus was proposed to improve the accuracy and efficiency difohesx
shaping(Humphrieset al, 1996)However,making the wax bolus requires design and
manufacture of tools before building a wax model.

3D printing methods were also proposed for bolus shapifferent materials
such asPLA (Polylactic Acid (Robar et al, 2018 andABS (Acrylonitrile Butadiene
Styreng (Burlesonet al, 2015have been used foprinting bolus. There are limited
bolusmaterials available for 3D printing. The bolus printing is also ‘mesuming
In addition, if the structureis requred to supporthe surfaceduring the printing

process,the material utilizationis reduced andnanufacturingtime is increased.
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Removing support structures after printing can danthgesurface of the printed
bolus.Thusinefficiency and inaccuracgre two main problems in bolus shaping.

A 3D-2D-3D procesoriginated in garment manufacéiscan improveaccuracy
of the bolus shapingin the processa 3D shape of the human bodyrfaceis
unfolded into 2D patches as patterns to cut clothing matemalsewtheminto the
garment(Huang et al, 2012)Another example is the process of s@i@duction
(Zhanget al, 2018)To apply the3D-2D-3D processn bolus shaping hreeproblems
should be solvedhe minimum 2D patches to meet required accurh@minimum
seltoverlaps after unfolding, antthe minimum difference between the original and
refolded modelsA bolusretrievalmethodcan improve the bolus shaping efficiertoy
quickly find thebolusin a model base3D printing bolus is anewtrend wih potential
to meet difference requirements if the printing efficieaog material utilization can
be improved

Figure 1-1 showsthe motivation of this research.For improving the bolus
shaping accuracyusface segmentation and unfoldingethod are proposeddsed on
a 3D2D-3D procesdo reduce air gapbetween the bolus and patient skinsthe
existing manual procesBor improving the bolus shaping efficiencynadel retrieval
method is proposetb search the suitable bolus a bolus basdormed by the
unfolded boluss For improving automatiorand accuracyof the bolus shaping
process, the3D printing method is introducedShape segmentatiomethods are
proposedto reduce support structuremnd improve surface accurachpr the 3D

printed bolus



f
Limitations of existing Methodsto improve theaccuracy and
bolus shaping efficiency of bolus shaping
.
Air gaps in Surface segmentation and unfolding ta
manuaimade bolus insteadmanualprocess to reduce air gap

~

Model retrievato search the suitable
bolusbased omeneratd unfolded bolus

Support structureaffect
the surfacexccuracyof
printed bolus

Shapesegmentation to reduceipport
structuredor 3D printed bolus

Figure 1-1 Motivation of the research

1.1.2 Research problem

Researclproblems of bolus shapirage identifiedas follows
(1) Shapedeformation andlistortion in the unfolding process of 3D surfaces.
(2) Inefficientmodel retrieval methods
(3) Inappropriate 3D printing direction astipport materiathatreducethe surfae
quality.

1.2Problems analysis
1.2.1 Surface unfolding

Surface unfoldings a processo transfera 3D shapento 2D planes Based on the
computational geometry, only developable surfaces such as cylindrical and cone can
be unfolded without deformatiofWwang 2008) As most 3D fredorm surfaces are

nontdevelopable, it is a challenge to unfold a fmvelopable 3D surface into 2D
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planes without deformatiorsurface flattenabiliyneasure the ability to unfold a 3D
surface into 2D plarsgfWang, 2008)Shape segmentation can add some cutting lines
to divide a nondevelopable 3D surface into several parts to increaséace
flattenability for reducing unfolding deformation. Thus, the problem of
non-developable 3D surface unfolding beconies surface segnrgationto select a
suitable position to add cutting lines

The surface unfolding processan also be considered as coordinate
transformation procedhat needs to fixa centertriangle of the 3D surface on a 2D
plane and transfer other triangles of the 3D surface onto the 2D plane. After the
coordinaing transformation, an optimization search can be applied to rethece
difference between the original 3D surface and 2D unéblderface. A major
problem of existing unfolding methodstise low efficiency in the solution search as
the large number of iterationgsequiredin the coordinate transformation process. In
addition, if unfolded patches have the large deformation in shapel contours, it

will not be able to meet the requirement
1.2.23D modelretrieal

Model retrieval can improve shapingfficiency Threedimensional (3D) model
retrieval is commonlysedin searching and processing digital models for product
modeling and visualizatiorkfficient model retrieval can improve the product design,
process and management.

Based on the input to search a 3D model, 3D model retmestilodsncludethe
shapebas@ and imageébased model retrieval. The shdmesed model retrieval use
model descriptions such as 3D point cloud data, 3D solid mod8D surface model
as input to search a 3D model in a model base. The Hveggd model retrieval uses
theimageof amodel as input to search the related 3D moflddey of imagebased
model retrieval methods is to build relations of the image and 3D model.

Most existing 3D model retrieval algorithms use 3D models as quéries al,
2014) Retrieving 3D models usirgp images as input is increasing in different fields
such as the 3D geometbased product retrievéiKkumarandSuguna, 2016Because

4



of the proliferation of 2D images and 3D models, effective and efficient kbaged
model retrieval techniques have beman essential research topic in applications of
Augmented Reality (AR)and Virtual Reality (VR) 3D geometrybased video
retrieval and highly capable autonomous vehicles. It is efficient to seascitable

bolususing a2D picturerather tharthe 3D sufacemodel
1.2.3 3D printingdirection

The printing direction optimization can improve the surface quality of 3D printed
products. For the layered additive manufacturing procesqrtuictsurface quality
depends on the printing direction and layeckhess. For most 3D printers, the best
surface quality is obtained if the surface normal is perpendicular to the printing
direction. If the surface normal is toward the negative printing direction, a support
structureis required Removing these suppottrigcturescan damage surfaces of the
printed product. Support structures ailsethe extra material and increase printing
time.

In addition, acomplex modekhould notbe printed into a whole pieder the
high surfacequality because of support structuréslarge sized model cannot be
printedin one piece because of the limited printer voluResearchers have proposed
methods to segment a 3D model into piece8fprinting. The existing methods of
surface segmentatn have limitations in the feature extraction and clustering number
decision. Although features including the curvature, surface quality and support
materials are considered in the model segmentation, there is not a method combing all

the features fomodd segmentation ithe 3D printingprocess

1.3 Research objectiveeand methods

(1) Development ofa surface segmentation methbdsed onan improved
spectral clusteringnethodand a mesh shape optimization method baseRarticle
swarm optimization (PSQp increase surface flamability and reduce deformation
and distortion in surface unfolding.

(2) Development ofa surface unfolding procedsased on a maspring model

with crossed springso improve the unfolding efficiency frora 3D surface to 2D
5



patches.

(3) Development ofan effecive imagebased 3D model retrieval method based
on visual entropy and skeleton of feature

(4) Development ofa surface segmentation method based on spectral clustering
and Deep learninfpr the direction optimizationof 3D printing productgo improve

surface quality and reduce suppstructures.

1.4 Contents ofthe thess

The organizationof this thesis is shown ifrigure 1-2. Chapter 1 introduces the
research backgroungroblemanalysisyesearch objectigand methodsndcontents
of the thesis. A detailed literature review is presented in Chapter 2 to discuss related
research including surface unfolding, model retriedakction optimization of 3D
printing, andshape segmentationethos. Chapter 3ntroduces methods usé&dthis
research includinghe spectral clusteringAffinity Propagation (AP) clustering
Stacked Auteencoder(SAE), massspring model with crossed springsnd Particle
swarm optimization(PSO). In Chapter 4a surface segmentation methbased on
spectal clusteringanda mesh shape optimization metHmsed oPSOare proposed
to improve surface flattenability artd reduce Bape deformation and distortion in
surface unfolding proces#\ surface unfolding methois proposedbased onthe
coordinatetransformation andnassspring modelto improve unfolding efficiencin
the surfaceunfolding processChapter Flevelopsan imagebased 3D model retrieval
method based on feature skeletons of the model and model.imaGbapter 6an
optimization methodf the 3D printing directionis developedbased on the surface
segmentation methoevith spectral clustering and deégarning to improve the
surface quality and reduce support mater@is3D printed products,followed by

Chapter7 to summarize theesearch and future wark



Ch.1 Introduction

.

Research problem Shape deformation and

distortion in the unfolding process of 3D surfaces.
Research problen efficientmodel retrieval

Ch.2 Literature review

"

Ch.3 Related methods

8-

methods.
Research proble®x

Inappropriate 3D printing direction and support

material that reduce the surface quality.

Research contents

Research problerh

Research proble®

L+

aSe

Ch.4: Surface unfoldingccuracy

Chb5: Imagebased modeietrieval

improvement

v v Research proble®

Surface Mesh shape ‘
segmentation optimizationto

based on spectral| increase Ch6: 3D printing direction

clustering flattenability optimization

Ch.4:Surface unfolding efficiency Surface Surface
improvemenby improved masspring segmentation segmentation

model based onpsectral based on
clustering deeplearning

aS

Ch.7: Conclusiorand future work

Figure 1-2 Structureof the thesis




Chapter 2Literature review

Literaturereview covess topics related toesearch problems of thikesisas follows.
(1) Surface unfolding(2) Model retrieval.(3) Direction optimizationof 3D prining
products.(4) Shapesegmentation. pplicationsof surface unfoldingmodelretrieval

and3D printingarealsoreviewed.

2.1 Surface unfolding

Surface unfolding is mainly used in two areas, igna texture mapping and the other
is in the 3D-2D-3D process In the texture mapping, surface parameterizations are
generated frommeshed3D surfaces to perform annotations including color and
lighting information(Smith and Schaefer2015) Research onnfolding a 3D surface
into 2D patches using the 3ZD-3D process mainly focuses on the improvement of
efficiency and accuracgf unfolding algorithmsTable 2-1 lists major methods and
processes afurface unfolding

Table2-1 Surface unfoldingesearch

Method Author Process

Massspring | Wang et al| A triangle mesh surfaceras unfolded by selecting a central triang
model 2002 and unfolding its neighbor triangles layer by layer. A negs$ng
model was applied to reduce length and area errors.

Li et al, 2005 | Triangle stripswere usedto reduce thenumber of iterations in th
surface unfolding. The maspring model was improved by adding
crossed spring to increase the optimization efficiency. They ap
the unfolding process in the garment and shoe design.

Liu et al | Asimplified energy rodel for surface unfolding to unfold sheet me

2013 components.
Liu et al | Using tiangle strips and improved masgring model with a crosse
2016 spring to build a flattening system for unfolding sheet m
components.
Origami Xi et al,| Astrategyto combineunfoldingandsegmentatioffior designingoaper
2016 craft Before unfolding, the mesh modshssimplified for semantics

to avoidoverlapping

Takahashiet | A heuristic approach to unfolding simpéifl 3D triangular meshes int
al, 2011 a single connected patch without shape distortidngeneticbhased
algorithmwas presentefbr optimizing usage of the paper sheet.

Mitani and | A strip-based approximatioanfolding methodor producing unfoldeo

Suzuki, 2004| papercraft patterns othe 3D triangular mesh model.




Although the existing surface unfolding methods are widely used in different
fields such as garment manufacturing and sheet metal shaping processes, th
methods have following weakness&he number of patches is difficult to measure in
the processof unfolding a 3D model into 2D single patch or mufiatchesIn bolus
shaping, & gapsarethe noncontact distandetweenthe human surface and bolus.

Air gapsare difficult to evaluate during ¢hbolus shapingrhe number of iterations in

the coordinate transformation process is very large. In addition, when using the
massspring model to optimize unfolded patches, the efficiency is based on the
original unfolded patches. If the original unfoldeatches havalarge deformation in
shapes and contours, it is difficult to obtain an optimal result because virtual forces of
the massspring model in the boundary are unbalanced. The -8s@gsy model
always tries to reduce errors by moving positiongoér vertexes. However, shapes

and contours of 2D patches have significant impacts on the accuracy when they are

folded back tahe 3D shape.

2.2 3D Model retrieval

Model retrieval searches similar models in a nhbdse using properties of theodel

(Qin et al, 2016) Based on input ofhe model retrieval to search a 3D model, the
model retrieval includes shajpased and imageased methodsThe shapéased
methods use model descriptions such as point cloud data, solid model or surface
model as inputo search a 3D model in a model baske imagebased model
retrieval uses the image a 3D modelto searchits similar 3D modes$ in a model

base Based on matching contents of the model, the model retrieval includes
featurebased retrieval and skeletbased retrieval methodBor featurebased model
retrieval methods, features denote geometric and topological properties of 3D models
(Tangelderand Veltkamp 2008) For skeletorbased model retrieval methodse
skeleton represents a geometric meaningiudpe of the model for connection
relations of componentéTangelder and Veltkamp, 2008)able 2-2 shows major

literature inthemodel retrieval research



Table2-2 Model retrieval research

Category | Method Author Process
Input Shapebased| Laga et gl2006 | The model retrievalused spherical wavelebased
shape descriptors

Akgil et al, 2009 | The nodel retrievaluseda probabilistic generativ
description of local shape propertiasd sampled
multivariate probability density functions

Imagebased| Aono and| Zernike  moments and Histogram of Orient

Iwabuchj 2012 | Gradient featurewere used

Shao et @l2011 | Contourbased matchingias used

Li and Johan| A context matching vieed the context of 2D

2013 sketches of a 3D model.

Bell and Bala| A visual search for the interior design to train a ja

2015 embedding for two types of image objects usin
convolutional neural network (CNN).

Li et al, 2015 A modified CNN modelto map the 2D image an
3D model into a same feature spafmr their
similarity.

Nie et a] 2019 A holistic generative adversarial network model
relations of the image and its model.

Nie et al 2020 A multi-branch graph CNN by searching similar
between 2D image and 3D modelith visual
informationfor a crossmodalities graph model.

Retrieval Features Osada et aR002 | Shape distributiorbasedsimilarity searchbetween
method 3D shapes.

Ip etal, 2002 Shape distributiorbased method based on t
comparison of solid models.

Shih et al2007 | The elevation descriptor describethe altitude
information of 3D models from six different views.

Furuya and | To render 3D models inta set of depth images ar

Ohbuchj 2009 | locate visual features from images into a feat
vector of the model.

Li and Johan| A hybrid 3D shape descriptor and a ctassed

2013 retrieval approach using the existing cla
information of the databas® depict a 3D moel
from others using four features.

Skeleton Sundar et al|l Skeletal points by a distance transforibased

2003

thinning algorithmto connect them into a skeletc
using the Minimum Spanning Tree.

lyer et al 2003,
Januaryand Lou
et al,2003

Skeleton formed by a thinning method to sear
models using a decision tree.
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For themodel retrieval, featurbased methods extract geometric and topological
details of 3D models for all kinds of 3D models without restrictions. Skelsisad
methods bud connection relations between 3D model components, but minor
changes of the model topology may cause significant differences of the skeleton. Thus,
skeletonbased methods are less robust than fedtased methods but they are good
for partial matching omodels. A common process thieimagebased model retrieval
builds relations of the image and 3D model using fedbased or skeletebased
methods. The skeletons built from features of the model and image can avoid

information redundancy, which has rm@en used in existing model retrieval methods.

2.3 Direction optimization of 3D printing products

Printing direction plays an important role in the printing time, surface quality and
weights of support materiafer 3D printed productsAs most 3D printersise a fixed
printing plane to grow material in a single direction, the surface quality of a 3D
printing product relies on its directionally layered printing process. It is therefore ideal
that the surface normal of a 3D printing model is perpendiculahédoprinting
direction for a high quality of the product surface. In addition, when the surface
normal vector is toward the negative printing direction, or there is an angle larger than
a standard between the surface and printing direction, it causesViadeng and
needs adding support structyf@ardanand Schneider, 2015 The support structure

will deteriorate the product surface finish when the support material is removed in
postprocessing. The support structure also increases the material use. Therefore, a 3D
model should be printed following the surface direction @ high surface quality
andusingless support structur@able 2-3 showsmajor literatureof the research on

the 3D printing direction andupportmaterial reduction

Table2-3 3D printing

Method Author Process
3D printing Wang et al2016 | A Ncut algorithm based on features of the surface quality
direction Hao et al 2011 Curvature analysis of the model surfaceirtgorove printing
optimization volume

Zhang et al, 2005| A trainingandlearning methodologyto avoid placing
supports in perceptually significant regions

11



Yao et aJ 2015 Dividing a model into multiple printable piecés print a
large model by small printers

Support material Hu et al 2014 Using approximate pyramidal shapes to reduce sug
reduction structures

Liu and To, 2017 | Usinga novel level sebased topology optimizatiomethod
for 3D printing model selbupport to reduce suppo

material.

Guo etal, 2017 | Using noving Morphable Components and Movin
Morphable Voids frameworkdo optimize a 3D printing
model into aself-supportivemodel

Zhang and Zhou| Using a topology optimization methodto design
2018 self-supporting structuresvhere polygonfeatured holesre
basic design primitives and overhang constraintsare
introducedfor controllingoverhang angle

Complex models with many branches cannot be printed in a whole piece with
high quality because of requiring too many support structures. In addition, a large
surface modetannot be printed as one piece because of the limited printer voflume
existing 3D printers.

Traditional methods optimize a single global printing direction for the whole
model to improve limitations of the surface quality and support matenialse an
optimization method to achieve 3D printing model seipportfor reduéng support
material Model segmentation methods have been propost 3D printing process
to further improve the surface quality and reduce support materials. Thengxisti
methods of surface segmentation for 3D printing models have limitations in the
feature extraction and clustering number decision. Features including the curvature,
surface quality and support materials can be considered respectively in the model
segmemdtion for 3D printing, but there ia lack of themethod combing all the

features.

24 Shapesegmentation

Shapesegmentation is commonly applied in compistisled design to divide a
geometric shape into several parts. A key of the segmentation is th&iratteristics
of different parts in the shag&heologouet al, 2015) Two types of the segmentation

are geometricdurfacetype) and semantic (patgpe) segmentation@iaoet al, 2018)
12



The geometric methods segment a mesh shape into several padseeson the
geometric characteristic. Geometric segmentation considers the position and structure
of each part on a shape such as geodesic distances of the mesh, curvatures and types
of the shape to separate the shape. For semantic methods, a mesh sbgpented
using the human perception theor(Shamir, 2008, September)Semantic
segmentation aims at the study of human perception to separate 3D shapes into
meaningful parts based on image understanding in computer vision.

In general, a shape segmeiatprocess consists of two steps, feature extraction
and shape segmentation based on festootuding special points, geodesic distance,
shape curvature, convex region, concave region and shape skeleton. The shape can be
segmented based on the extractedture using methods of shape fitting, region
growing, clustering, spectral analysis and neural networks. Feature points and
skeleton of a 3D shape can be extracted based on analysis of the geodesic distance,
shape curvature, convex or concave regi¢htene et al, 2006) Clustering and
neural networks are two machine learning methods. A spectral analysis can be
combined with clustering methods. Neural networks include Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN) and Stacked Aammders
(SAEs). CNN and RNN are supervised learning methods. Clustering and Stacked
Auto-encoders are unsupervised methotiEble 2-4 shows major literature ofthe
shape segmentation

Table2-4 Surface segmentation research

Category | Method Author Process
Geometric| Curvatures Lavoué et al | A curvature tensor method with simil
2005 curvatures using absolute values of the maxin
and minimum principal curvatures
Curvaturesand Wang and Yu | An algorithm based on curvature labeling. Mo
region growing 2011 theory and regie growing technologies t
segment molecular surfaces
Clustering Golovinskiy Random cuts of the 3D mesh surface
and Thomas| clustering for stable cuts using statisti
2008 knowledge
Attene et al| An automatic hierarchical face algorithm
2006 fitting primitives belonging to an arbitrary set.

Minimizesa lost Arago et al, | Called Surface2Volume to generate assen

13



function

2019

parts affiliated with a single attribute. The ou
surface of whose assembly confemnto the
input surface geometry

Semantic

Humarcomputer
interaction

Zheng and Tai
2010

An
patchbrush by applying a cut along with ¢

interactive process with partbrush and

isoline of a harmonic fieldo form a small patch
using a facebased surface .

Zheng et al,
2011

A simple interface called Dot Scissor for
search strategy supported by
concavityaware harmonic field. The best isoli

directional

was selected for cutting using a robust voting.

Miandarhoie et

Data pointsare approximated by an extrude

al, 2017 surface using a variational algorithm
Fuzzy Gmeans Lerma and| A modeseek algorithm to separate data poi
Biosca 2005 belonging to planar surfaces using a fuz
C-means (FCM) algorithm to classify the po
into various categories based on six pdiased
parameters.
K-means Chen et al| Improved kmeans clustering to dter surface
2016 point cloud into groups discontinuity plane

fitting and coordinate transfoing to extract
discontinuity orientation.

Spectal analysis

Liu and Zhang,
2004

Spectral clusteringusing Graph Laplacian tg
select eigenvectors for data represtota

Au et al 2011 | A scorebased greedy algorithm to select b
cutsin concavitysensitive scalar fields using
Laplacian matrix

Wang et agl| The hierarchical spectral analysis 4

2014 isoline-based boundary detection.
concavityawarelLaplacian to obtain sequence
eigenvectors through eigelecomposition.

Zhang et al| A spectral clustering procedure based or

2018 Laplacian matrix and a variational refinir

procedure.

Jiaoet al 2018

A visual methodto combine the meshaliency
using spec
clustering. A concave region identifying meth

and model characteristics

to build a Laplacian matrix.

Neuralnetworks

Wang et al
2018

A novel fully convolutional network architectur
for shapesapplied theconvolution and poatig
operations on images

Sun et 812016

A novel unsupervised method by using stac
autoencoders to extract higbvel features.
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Clustering methods are most commonly used in the shape segmentation to not
only cluster vertexes but also triangles.d&tance combirgedifferent features to
achieve the segmentation. Comparing wittm€ans methods, fuzzy clustering does
not need to assign the number of clusters. Spectral clustering combines spectral
analysis and clustering to transfer 3D models into a feature spadeefpatitype
shape segmentatio@lustering methods can also be combined with other methods
such as region growing, surface fitting and stacked -emtoders for shape
segmentationComparing with surface fitting, clustering and spectral analysis, neural
networks methods have a high accuracy in the shape segmentation. Neural networks
methods need more time to generate segments compared to other methods.

In applicatiors of surface unfolding,htere is a lack of the method to consider
relationships between tfl@nability and surface segmentation to divide a-foem
surface into several parts that can be unfolded with less distortion and deforimation.
addition, he model segmentation decomposes a 3D model into a set of parts to enable
each part to be printadith an optimal printing direction for the high surface quality
and less support structurerinting features areombinedfor dividing a 3D printing
model into several part¢o increasesurface qualityand reducesupport structure
Clustering methods anteural networks can be improved to combine several features

considering relationships between flattenability and surface segmentation.

2.5 Summary

This Chapter reviewgesearch ananethodsof surface unfoldingmodel retrieval
direction optimization o88D printing andshapesegmentationThe surface unfolding
model retrieval and 3D printing direction optimization all need the shape
segmentationMethods are proposenh following chaptersto improve identified
problems ofsurface unfolding model retrievaland 3D printingapplied in bolus

shapingoy developingnethods othe shape segmentation

15



Chapter 3Related methods

To improve surface unfolding model retrievaland 3D printing direction, the
topological data structure of mesh shagpectralclustering Affinity Propagation (AP)
clustering and Stacked Auteencoder(SAE) methodsare introducedto assistthe
shape segmentatioA.massspring model with crossed sprinigsbuilt to optimize the
surface unfolding proces® reduce the umber ofiterations The particle swarm
optimization (PSO) is proposedto improve thesurfacemeshto increase surface

flattenabilityfor thesurface unfoldingiccuracy

3.1 Topological structureof mesh shape
Topologcal structure fays an important role iBD surfaceanalysisand needto be

built beforethe feature extractiorfZhang et al, 2019)The ppologcal structure of a

meshsurfaceM is defined as &et {V, E, F} including vertices edgesand triangles
where V:{vi‘\( iIR1 4 rc} is a vertex set with m vertices.

E:{qj Ly Y| vy M } is an edge set,

F :{ fi v,V ,\4)‘y, v.¥ Miojjoki @ Is atrianglemeshset.
Onering neighborhood vertices of vertex are v&§ that have common edges

with v, . A set of onering neighborhood vertices of vertexs defined adN'. Onering
neighborhood triangles of vertgxare triangles composed byand its oneing

neighborhood verticesThe set of oneing neighborhood triangles of vertexs

defined af'. The normal vector of triangleis defined as follows and shown in
Figure 3-1.

q1'+13 ‘?f _(V '}/i) (siV jV')

N(f)= -
D el Tov vo e v

(3-1)

wherg € and g;,, areedge vect@fromyv,toy andv,, tov, respectively.
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The normal vectoofy can bedecidedusingTaubiris methodas follows(Taubin,

1995)

a ., .areaf N ()

a areaf N (

N(w) = (3-2)

where F'is asetof onering neighbotrianglesfor v;.

N)

N(f)

ei,j+l

K(f)

¥
K@) Y

Figure 3-1 Triangular mesh

Based onmesh surfaceM, onering neighborhoodvertices andonering
neighborhood triangles afachvertex aresearched. In additiorthe areaof each
triangle,centroidof each trianglethree inner angles @ach trianglenormal \ector of
each trianglelength ofeachedge anchormal \ector of each vertex are calculated.
The process ofthe data struaire preparationof mesh surfaceM is shown in

Algorithm 3-1 as follows.

Algorithm 3-1: Topological data structuggreparation

Input: Mesh surfacél, number ofverticesm, number of edga, number otriangleh.
Output: Data structuref meshshapem
1. fori « 1tom

2 Search oneing neighborhood/ertices of v,
3: Search onging neighborhood triangles o¥,
4:  end for

5: fori « 1lton

17



6: Calculate théengthof €

7 Search boundary edgesrméshshapev
8: Search triangles with common edge
9: end for

10: fori « 1ltoh

11: Calculate tharea of f,

12: Calculatecentroid of f,

13: Calculatethreeinner angle®f f;
14: Calculate normal vector off;
15: end for

16: fori « 1tom
17: Calculate normal vector of,

18: end for

3.2 Spectral clustering
Spectral clustering is evolved fromme graph theory.The main ideaof spectral
clustering is to treat all data as points in space, and these po&tennected by
edges. Theweight valueof the edge between twapart points is lover thanthat
between twoclose points. The purpose of gectral clusterings to make the sum
weight of edges between sgbaphs as low as possitd@dthe sum weight of edges
in subgraphsas high as possibley cutting the graph composed of all data points
(Jiao et al, 2018)

For a triangular mesh modkl with m vertices, the Laplacian matrix is defined

in EQ.(3-3).
L=D W (3-3)

Laplacian matrix1() is a semidefinite positive symmetric matridatrix Wis an

adjacency matrix as follows.

. 2

4 ,
expl 17) if(R,R) IE

i

(3-4)
0 otherwise

—v) ==
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where d; measures the similarity between vertigeandP,, s is the average of

d; . Matrix D is a diagonal matrix as follows.

D, = a W (3-5)
j=1

RatioCutis definedas followsto cut the grapl® (V, E) into k subgraphs that are

not connectetb each other.

RatioCu( A A ,ﬁ)—l W(|A'| A

whereH is a matrix combined with indication vectgr=(h,, h, ..., h) Y.

a RLh =T¢H LY (3-6)

H

&

; vi
hy :i \/W ? (37)
i

0 otherwise

RatioCut can be transferréolan optimization probleras follows
arg minTrH'LH ) st HHH =1 (3-8)
The optimization searches each swibjecth’ Lhin Tr(H'LH), h is a unit

orthogonal basis. Laplacian matiixis a symmetric matrix. Base on the Rayleigh

quotient, the maximum value df'Lh is the maximum eigenvalue df. The
minimum value of 'Lh is the maximum eigenvalue &f For subobject h'Lh,

the goal is to find the smallest eigenvalueLofFor Tr(H"LH), the goal is to find
first kK minimum eigenvalues. Correspondikgigenvectors othe first k minimum
eigenvalues are used to define a matd¥’ = (u,u,, Q) OR*, where thd-row

of matrix U is ak-dimensional feature space thfe mesh vertew;. After building a
feature space data inthe feature spacare clusteredinto severalclusters bya

K-meangnmethodor Gaussian mixture model (GMM)

19



3.3 Affinity Propagation (AP) clustering

AP clusteringis an exemplabased clustering algorithio treatall sample points as
potential cluster representative poiatsd optimize the maximunclustering criterion
function usingthe factor graph and belief propagation thetmrygenerate clustering
results AP clustering des not need to assign the number of clustering and can
directly use the existing cluster centEreyandDueck, 2007)

In the AP clustering algorithjrall sample pointg§1, 2, ..., N} are nodes in the

network. Based onsimilarity matrixS={$ B} .. (. k £2,..., N, an optimal
exemplarK is generatedn a twoway messagetransfer processbetween nodes
(a(i,k),r(,k)) to searchthe global function of the network (clustering criterion
function) fora maximum value until convergenas follows.

MAX:S(C3=8, 619 +§ Jog { ¢ (39
where, (i, k)is the similarity betweerpointi and pointkk. C={g} , ¢ is exemplar of
the pointi. s(i,g) is thesimilarity betweenpointi and itsexemplarc;. f, (C) is

constraint to limit the generation olusterswithout exemplars

80 ifc , kbut $: k
fk(C):ie & ‘

_ (3-10
il otherwise

Values of a(i,k)and r(i,k) in AP clusteringare updated in theteration
processAvailability a(i,k) indicates amppropriate degreef pointi to select point

k as itsexemplarfrom candidateexemplark to datapoint i. Responsibility r(i k)

indicateswhether pointk is suitable as thexemplarof point i from point i to
candidateexemplark.

AP clustering use a maxproduct rule fordata transformationot reduce
complexity. r(i,k) and a(i,k) are updated using Eq(3-11) and Eq. (312),
respectively.

(k) =s(i,k) -max(s@ki) adik) (3-11)
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o f &, max{or ik )} k=i
a(i, )_%min{o,r(k,k)+é_ii’i’kmax{o,rai,k)} K i

5

(3-12)

When theiteration is convergencethe correspondinglass representative point

of pointi (¢) is as follows.
G =arg max f@ k) # { k)} (3-13)

Compaing with other clusteringalgorithnms such a¥K-means, Fuzzy C means
and Spectral clusteringAP clustering does not need to specify the initial clustering
andassign lhe number of clusters. The input similarity matanbe a square matrix
or a sparse matrjjand may be symmetrical or asymmetric.

To combine hidden features af3D printing modeland thegeometricdistance

between sulgrapts, a similarity matrix is formedas follows

(i, K) = exp( %) ot pf f (3-14)

where,g; andgk arecoordinates othe central triangle®r subgraphs andk in a 3D
triangular model. s is the average of|g, - g, |f. pf and pfx are hidden features

extraced from the sub-graph data structur®r subgraphsi andk in a 3D triangular

modelby the Stacked Autencoder.

3.4 Stacked Auteencoder

Auto-encoder is an unsupervised neural network memlétarn hidden features of
input data(Bengio et al, 2007) Auto-encoder is a system fgenerate the output as
same as the original inputwo stages of Auto-encoderare encodingand decoding
(Mao et al, 202Q)Auto-encoderfirst encods input data and then reconstrutke
input data as output data that are same as inpuird#ta decoding processigure
3-2 shows a structure ofAuto-encoderwith an input layer, a hidden layer, and an

output layer.
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W Output layer
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Yl

Encoding A Decoding

Figure 3-2 Structure of an Autencoder

The Auto-encodeigeneratea functionto satisfy Eq. 3-15) as follows.

wa,vvzl, g, t%( X)° X (3-15)

where,W;! andW," arethe encodingmatrix and decodingatrix, respectivelyb;*and

b, arebias vectors
G(Qis divided into two stagem the eroding stagerom the input layer to

hidden layeras shown in Eq.316), and decoding stage frothe hidden layer to
output layeras shown irEq. 3-17).

h' =g (W X +) (3-16)
Yi=gW @ B (3-17)

Thus, the outpuis asfollows.
Y=g (W QW 0 b+ h (3-18)

A cost function is built tdind the reconstruction errobetween the output and

input inEq. 3-19). The learning process is mainimize thecostfunction
1
C(X,Y.q) =2 Y - 4 ) (3-19)

91
where / is theweightof decay parameterg={W, § and D(g) =& q.

i=1
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Auto-encoder carlearn useful informatiorwhen the number of units ithe
hidden layer idessthan the number of input nodddowever, if thenumber of units
in the hidden layeis large than or equal to thmeput layer, Autecencoder will learn
some usass information. To avoid ith problem a sparsity constrainis added into
Auto-encodemwhereonly a part of units will be activated in the learning process.

A costfunctionwith the sparsity constraint based on the Kullbaekbler (KL)
divergencgPéez-Cruz, 2008])s definedin Eq. 3-20).

COMYQ=AXY g+ & KL 7)) (3-20)
KL= log 41 - )logy (3:21)

where, b is the weight of the sparsity penalty teidy, is the number of hidden units
and 7 is the sparsity parametelz, is the average activation of thié hidden unit.

KL(r || *r) measures the difference betwegnhand 7, . If 7 = , the sparsity

penalty term is zero.

Stacked Auteencoders (SAEs)yre based on the simpléuto-encoder by
increasing the depth of its hidden layer to obtain better feature extraction capabilities
andtraining effect.Stacked Auteencoder is a neural netwoak shown irFigure 3-3.
Unsupervised greedy layerwised pre-training is used to trainthe stacked

Auto-encodetto generate parameters of deep neural networks for degiesblés.
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Figure 3-3 Structure of Stacked Autncoder

3.5 Massspring model with crossed springs

F——————————————-

The massspring model with crossed springan be usedo control the shape of

triangular mesheg.i et al, 2005) The crossed spring based mapsing model has

the high efficiency iroptimizing 2D patchesomparedo the traditional masspring

model because the masgring model with crossed springs consists of not only virtual

masses and tension springs, but alessed springgrigure 3-4 shows the structure

of a crossed springased masspring model. A tension spring connegtg#h two

masses along with an edgecorrect the length deformation of the edge. In addition, a

crossed spring connects to two masses by crossing an edge where the two masses are

on the edgef neighboring trianglefLi et al, 2005)
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Tension spring

Crossed spring

Figure 3-4 Massspring model with crossed springs

A pair K, P) is usedto determine the topological type of a triangular mesh

surfaceP={R, B, OB} OP R. Unfolded triangular mesh is a pair K, Q),
Q={Q.Q, OQ}OQ R,whereK expresses the connection of vertices.
Nodey, is linked to its adjacent nodeby edggv,,v). The movement of node

v, Iis restricted by spring force(Q,, Q) from springs. For each nodg the total

spring forcef, is calculated as follows.

v X Vv
f=ac(QQ| -Bs)g (3-22)
j=1
wherec is the stiffness coef‘ficientiQi Qj| is the length between unfolded nodgs

andQ,in 2D patches,DFiPi is the distance between original nogeandP, in a 3D

surface, r\'Qle is the force directionN is the number of orgng neighboring nodes for

Q.

The Lagrange equation is used to release energy in thespraisg model as

follows.
MX+ Kx £ (3-23)

whereM is mass, KXis equal te ﬁ :

Eul er’s met hod .(B-23). luisassumet that theoadcceleratidh opf
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massQ is constant whebt is very small. For each nodg, massn can be written as
follows.

m = :—13 rg areg (3-24)
where/ is the densityof aregin a onering neighboring triangle ohodeQ .

According to Newtofs law, acceleratiog at nodeQ can bedecidedby Eq (3-25).

fi(t)

% (t) = = 3-25
X (1) m (3-25)

Positionx (t ,,) and velocityx (t ,,) at stepn+1 can be calculated based on

positionx (t,), velocityx (t,) and acceleratior (t,)at stepn asshown in Eg. (3-26)

and @-27). The new spring forces updated using E¢3-22) based on results in Eq
(3-27).
X (t.0) = % (1) + OX@) (3-26)

R | N
% (L) = %(4) + Ox@) > £ X0f) (3-27)
Deformations of edge lengths are shown by the elastic deformation energy

E(Q,, Q) - The total elastic energy Q) is calculated by Eq3-28).

EQ)=4 2

A > QQ| -y (3-28)

The optimizatiorobjectiveis to minimize the total energy of the whole triangular

mesh surfacelhe total energg__is calculated by Eq(3-29).

E[otal = aij E(Q) (3'29)

where,mis the total number of nodes in the whole mesh surface.
To evaluate the accuracy of unfolded 2D patches, two types of errors are
proposed including the length error EL and area error EA as follows.
51
eL=all- bl (3-30)
abl
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en-alA Al (3-31)
ah

where L,andap, are the edge length and triangle area on the triangular mesh 3D

surfaceL andA are the corresponding edge length and triangle area in unfolded 2D

patches.

3.6 Particle swarm optimization
Particle swarm optimization (PSO) is a stochastic evolution method bas#t on
swarm intelligenceAn individual in the population isonsideredas a particle without
mass and volume, but velocity and position with dimenBiam a searching space.

The position of each patrticle represents a feasible solution in the searching space.
The particle moves at a constant speed, angdtteleflight is the searching process
for the feasible solution. The particle position is usually measured by a given
objective function. The speed of a particle can be adjusted based on its best local and
global positions compared to other particles. After ipldtiterations, the best particle
position can be found as the solution of an optimization problem. The evolution
mechanism of a single particle in the canonical FSf&scribed as followg&ennedy
andEberhart19995.

In aD-dimensional searching spaeeparticle population with NP particles has a

vector X to represent position and velocity vectgr for its moving direction and
speed. Theth particle in the population can be expressed by its position and velocity
in the tth iteration where the position vector ¥ (t) =[X%(1), x¢(), OLI )’ and
velocity vector isV/(t) (1), v(t), PQ)D. After t iteratiors, the best position

of the ith particle (the best local position) can be found as

pbest{)=p ¢) =@ €).5° t), QY. The best global position recorded abest }

is decided as follows
gbest( )= mir{ pbestt (), pbest () (st } (332

At the t+1th step in the iteration, positional parametei(t) and velocity
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parameterv/ (t) of theith particle in thejth dimensionare updated based on the

information of the previous generation and current information as shown in3838. (

and B-34), respectively.
X(t+) (1) w (t 1) (3-33)
v (t+1) ' (1) an(pbest () X- () i (gbesti() % « (3-34)
wherec; andc; are acceleration factons, andr, are random numbers with a uniform

distribution,w is an inertia coefficient. Processing steps of PSO are as follows.

1) Defining population size NP and theximum number of iterations T.

2) Setting an initial position of the particle¢ =x . +and(0,1) %, X, and
the initial velocity of the particley ) = v, *and(0,1) (v, . -

3) If t<T, goto Step 4, else, the search stops.

4) Calculating objective functiorf (x (t)) for each particle in population,
updating pbest { | for each particle angbest( ).

5) Calculating the updated position vector and velocity vector for particles using
Egs. 8-30) and @-31), respectively. Go to Step 3).

Theprocess oPSOiterationis shown inAlgorithm 3-2.

Algorithm 3-2: PSO

1. t« 1
2: j« 1
3 i« 1

4: input Initial population NP,Initial position X, Initial velocity V, Iteration number T The
dimensionof searching spade
5. whilet ¢ T (iteration numbérdo

6: whilei ¢ NP (initial population do

7 for j=1to D (The dimension of searching space

8: Vi)« wy(t-1) gr(pbest { 1) X-{ 1) crKgbestt( Dx- t(-1
o: (M)« ¥(t-1) v/ (1)

10: end for

12: i« i+l
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13: end while

14: Updatethe best local positiorpbest{ k { pbestt( ), pbest (Q, Obgst }

15: Update he best global positiorgbest{ < mif pbestt( ), pbest ©,0 ghgst }
16: te t+1

17 endwhile

18: output gbestf)

3.7 Summary

Existing methodsrelated tothis research are introduced improve the shape
segmentation forsurface unfolding model retrievaland 3D printing direction
optimization The methods justifications aras follows.For the spectral clustering
method the Laplacian matrix camxtract features of the model basedtlo@purpose

of segmentatiorandthen cluster the model into several parts based on the features.
AP clustering cardivide a 3D model into several clustets improve automatic
decisionmaking of the number of clustelfSAEs are unsupervised learning that can
be used to extract hidden features from metil segmentationPSOhas the good
performance to optimize data without calculating derivatives oblipective function

The initial input of PSO does not have much influence on the final result and

convergence rate.
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Chapter 4 Surface unfolding improvement by surfacesegmentation

As a nondevelopable 3D surface cannot be unfolded into 2D planes without
deformaion, surface segmentation is required to divide ad@relopable 3D surface
into a few of pieces before unfolding them separately to ntieet accuracy
requirement.

A surface segmentatiomethod is therefore proposed based on spectral
clustering.Segmentation saliency is used to search potential positions in a 3D mesh
model to avoid the large deformation in unfoldidgLaplacian matrix is designed to
improve the segmentation accuracy by combing the segmentation saliency and
geometric informationThe spectral clustering method is used to divide the 3D mesh
model into several part€utting lines between two adjacent parts are smoothed to
reducedifficulties of refolding 2D patches into the 3D mod®} connecing the
segmented part®s mesh shape optimization method is proposed to impsaviace
flattenability andmeasureir gags. A strategy ofthe dimension reduction is proposed
for the selection of local nodes on a meshed surface to increase the searching
efficiency of surface flaeinability. A local node selection based PS@P&O) method
is developed to search the optimal solution.

To improve the unfolding efficiency frora 3D surface to 2Dplanes triangle
crossings are used to reduce the number of iterations. To improve efficiency of
contours optimizatiorof unfolded 2D planes, a disturbing spring is added into the
massspring model with crossed springs to change shapbheainfolded 2D plane
Surface unfolding is a coordinate transformation process from a 3D surface to its
corresponding 2planeswhere a triangleneshin the 3Dsurface modeis fixed as
the central triangle. After unfolding the central triangle, a central triangle crdssing

chosento unfold othertrianglesof the modelvithout deformation.

4.1 Surface segmentatioby integrated spectral analysis and clustering
4.1.1 Flattenability and a nelaplacian matrix

Flattenability ¥ measures a surface to be unfolded into (#8nes based on the
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summed inner angle in each vert@¥/ang, 2008) v (v) at v is defined in Eq
(4-1). A lower value ofy (v) means that when unfolding oneg neighborhood

triangles of v into a 2D plane, the unfolded 2D plane has less deformation and

distortion.
I 0 $0 ¢'S (4-1)

where g(v)=a J. gis the summed inner angle in vertex as shown irFigure 4-1.

If g(v) =2 £ onering neighborhood triangles of, can be unfolded into a 2D plane
without distortion and deformation. |If(v)- 2 p=0 , unfolding onering
neighborhood triangles of; will cause overlaps. f(v)- 2 p <0, unfolding onering
neighborhood of triangles of; will cause gaps.

a v is the summarizd value of/ in a model as follows.
av=avv) (4-2)
i=1
Flattenablility value (FLV) is applied to measure shafaceflattenablility as
follows.

én{ v (%)
FLV =10 0.5~ (4-3)

O(,)=2x Ov,)<2r  O(,)>27

Figure 4-1 Deformation of different inner triangular mesh@&¥ang, 2008)
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The segmentation saliency is defined in @e4).

_eqv)-2p if () 2 o
! 0 otherwise

s(V,) (4-4)

Spectral analysis and clustering metteodre then integrated to divide the 3D
mesh model into several partd. Laplacian matrix is formed to improve the
segmentation accuracy by combing the surface segmentation saliency and geometric

information.
d; in adjacency matrixis then decided using Eq. (4-5) to combine the

segmentation saliency and topology of the 3D shape.
d; =h|y) s(v)l £ (4-5)
wheresij(y) andsi(v ) are thesegmentation saliency of verticeandv; after being

transferred into interval between 0 and 1, respectivejys the length of an edge to

connect verticegandv; being transferred to interval between 0 and both vertices

v; andy, of edgee; havea large value othe segmentation saliencyhe areawill be

unfolded witha large deformation Its flattenability should be increase /=5 is
assigned astareshold if botlky; andv; have the high segmentation saliency, otherwise

h=0.

4.1.2 Boundary optimizatioand topology construction

Clustering results of the segmentation cannot be used directly as the clustering
method divides nodes into several groups that do not have commoninal&d
mesh model Gaps will be formed wherefolding the segmented parts because of
missing a set of edges.

A sd of triangle strips are added to segmented parts as common boundaries to
avoid gaps. Flattenability is applied toeasurethe error between the 2D and 3D
shaps. However new boundaries in segmented parts are not smooth, which increases

difficulty of unfoldingand refolding process A process of designg smooth cutting
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lines and building newtopologiesis therefore proposed teeduce difficulties of
refolding2D patches into the 3D model

After clustering, thecommon boundary is a set of edges he triangle strip,
which may increase difficulty and complexity of refolding. To generate a smooth
curve in a 3D mesh surface without changing shape of the original surface, a surface
is built to use its intersection with the original 3D shape as the broatitng line.

A plane G(blue plane irFigure 4-2 (a)) isthetangent plane estimated by nodes

in the common boundary representedp x+ p,y +p,z & 0 andits normal vector

is dy=(p. P P)-
Nodes in the common boundaaye projected onto plan&and fitted to a curve

| in plane Gby the least square method. The 3D coordinate of nades

v, =(X,¥%,2) - To project vy onto planeG, the new coordinate ofv; is

Vie =(X o Y &2 )as follows

X:I.G-Xl:ylG "V _46 %4 (4-6)
P P P
B P, é@z+p§ _ - ]
%o =y 2 +p32$e2pl xOR-y% QA2 (4-7)
_ P
ylG__(X_LG 'Xi) )/ (4'8)
Py
_Bs
ZLG_E(X_LG ')ﬂ) 3 (4'9)

To reduce difficulty ofunfolding and refolding, linear and quadratic functions
are applied in the curve fitting process to generate duiyerfaces S (orange surface
in Figure 4-2 (a)) is built to be vertical with the tangent plane and intersect with the
initial 3D shape to generate a smooth cutting imdivide the originaBD shapento
two parts

After generating anew smooth common boundary, new vertices, edges and

triangles are formed in segmented parts to change the original topology. A new edge
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generated frona smoothedoundary can divide a triangle of the original 3D shape
into two parts, one is a triangle (the orange shajpeéguare 4-2 (b)) and the other is a
guadrlateral (the green shape kingure 4-2 (b)). New vertices are intersection points
between surface S amnoothed common boundaiyhus, for the new triangléhe
orange shape iRigure 4-2 (b)), two new verticesKigure 4-2 (b), vertices DandE),
three new edge®(dgesBD, BE and DEin Figure 4-2 (b)), and a new triangle (BDE
in Figure 4-2 (b)) are added in the new topologyrRhe new quadrilateral (the green
shape inFigure 4-2 (b)), an additional new edgeAE in Figure 4-2 (b) is added to
segmenthe quadrilaterainto two triangles (ACE andADE in Figure 4-2 (b)). Thus,
two new vertices (D and E iRigure 4-2 (b)), three new edgef\D, AE andCE in
Figure 4-2 (b)), andtwo new triangls (ACE and ADE inFigure 4-2 (b)) areadded in

thenew topology.

New edge ) )
Quadrilateral
Smooth boundary

Triangle

Tangent plane I’

(b)

Figure 4-2 Fitting surface and generating cutting line

4.2 Resultsof surface segmentation
A nose model isusedto test thedevelopedsurface segmentationrmethod The
segmentation saliency of the nose modelgsidedas shown irFigure 4-3 (a), where
red areas have the high segmentation saliency, blue areas have the low segmentation
saliency. Therefore, when unfolding the nose surfaode| the red areas may cause
the large dafrmation.

A Laplacian matrix is built based on the proposed metho@hapter4.1.1.
Eigenvectors of the Laplacian matrix is then used to build a feature $pgue 4-3

shows the spectral embedding of the nose model, where (b) shows the original 3D
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model shape, (c) displays a 2D feature space of the nose model, and (d) illustrates a
3D feature space of the s®model. Red points in each diagram are vertices with the
high segmentation saliency. The 3D nose model is extracted fieédusespace based
on the topology and segmentation saliency. Some of red points are concentrated and
some of them are scatteredboth of 2D and 3D feature spac&he 2D feature space
can show this kind of features clearly. Therefore, points in the 2D feature space can
replace vertices in the 3D mesh shape to be clustered to generate segnsentation

The spectral clustering metho@quires an assigned clustering number. To
compare the segmentation effect, ttimmpleassigns clustering numlsess 2, 3, 4
and 5.Figure 4-4 shows clustering results of the nose model with clustering numbers
2, 3, 4 and 5, respectively, where (a) is clustering results of the nose model with
clustering number 2 (the yellow part fpart 1, blue for part 2), (b) shows clustering
results of the nose model with clustering number 3 (the orange part for part 1, green
part for part2, blue part with two patches for pa). Figure 4-4 (c) showsresults of
the nose model with clustering number 4 (the green part for part 1, orange for part 2,
yellow for part 3, and blue for part 4igure 4-4 (d) illustrates clustering results with
clustering number 5 (the purple part for part 1, orange for part 2, blue for part 3, green

for part 4, and yellow for part 5).

Table4-1 lists results of § v for pieces with different clustering numbers afte
adding a common boundarg v decreases with segmentation. The moaetsare

divided; the lessg v each part will have. However, manyarts will bring a

complicated refolding process for the clinic application. To balance the accuracy of
unfoldingthe original 3D model into 2D patchasddifficulties of refoldingunfolded

2D patches intdhe 3D mode] a maximal clustering number is limited to 3 for the
surfacesegmentatiom total 4 pieces.

After generating clustering resulesssmooth cutting line is designed based on the

proposed methodd v is shown inTable4-2 based on numbers of nodes, edges and
triangles for segmented 3D pieces with a smooth boundary. Results show that
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segmented 3D pieces with a smooth boundary have more nodes, edgesnghes

compared to segmented 3D pieces without a smooth boundary. Valygs/ofare

reduced in parts 1 and 3 (with 2 pieces), while the value is increased a bit in part 2.

0.04

0.02
0.04
0 0.02
0.02 2
e -0.02
-0.04

-0.04

004 002 0 002 004 004002 0 002 0400
(c) (d)

Figure 4-3 Segmentatiosaliencyand spectral embedding of a nose model

o o

(a) (b)

40
20

100

(c) (d)

Figure 4-4 Clustering results of the nose model withstering numbes2, 3, 4 and 5
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Table4-1 g v and FLVof the nose modély segmentation without smooth boundary

3D nose model Vertices Edges Triangles gy FLV
Without segmentation 4019 11762 7744 7.9636 0.04a
Clustering Partl 1094 3140 2047 2.4006 1.893
number=2 Part2 2970 8667 5698 5.3835 0.23%
Clustering Partl 886 2522 1637 1.6460 3.1952
number=3 Part2 1598 4578 2990 2.7243 1.5132
Part3(1) 811 2344 1534 1.7255 3.0239
Part3(2) 843 2431 1589 1.6917 3.0956
Clustering Partl 1002 2869 1868 2.1304 2.2839
number=4 Part2 1357 3872 2516 2.2584 2.0900
Part3 897 2587 1691 1.7054 3.0661
Part4 880 2548 1669 1.7215 3.0323
Clustering Partl 1040 2982 1943 2.2783 2.0614
number=5 Part2 929 2663 1735 1.1474 4514
Part3 917 2613 1697 1.2036 4.3419
Part4 530 1515 986 1.4231 3.7291
Part5 732 2115 1384 1.6262 3.2394
Table4-2 3 v and FLVof the nose modély sggmentation with smooth boundary
Vertices Edges Triangles gy FLV
Partl 958 2780 1728 1.5537 3.4064
Part2 1877 5280 3404 2.8392 1.394
Part3(1) 832 2367 1536 1.7112 3.054
Part3(2) 870 2457 1588 1.6688 3.1451

4.3 MeshSurface optimization
4.3.10bjective functiorto improve surface

Searchingfor improving surface M, from M is considered as a constrained
optimization problem. The improved surfabk,, should approximate the shape of
original triangular mesh surfadd. Improved positionv, of a vertex with original

positionvp0 is an ideal positiomo satisfy the optimization constraint. The relationship

betweenv, andv,’ can be presented as:=\? +d . dis the vectorof a nodev,
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optimized fromthe position oforiginal mesh surfac® thepositionof improved mesh
surface Relationships between the original mesh surface and improved mesh surface

are shown irFigure 4-5 using a triangle mesh.

‘Vpi

Improved triangle

Original triangle

deE
0 0
vpi+2 vpi+1

Figure 4-5 Relationship between an original mesh surface and improved sugsice

Air gaps between the refolded mod@eld original surfacare used to measure
the unfolding accuracyTo reduce air gaps between ttefolded modekbnd original
surface, the shape of the improved surface should be similar to the original .surface
Thus, all the vertices in the original meglrface should be moved in the positive
direction of normal vectors of an outer surface. The moving distance can be calculated
as air gaps between the original surface and refolded sx@deboth original surface
and refolded modslare continuous surfacthe original surface should be converted
into a discrete mesh surface as smooth as a continuous surface.

In short, the process uses four requirements and one constraint to search the
surfaceimprovementwith a high flattenability as follows. 1) Minimumetbrmation
and distortion, 2) Maximum smoothnesisthe surface3) Maintaining the shapef
original mesh model4) Minimum air gaps, and one constraint of moving nodes on

the original surface in the positive direction of normal vectors of an suttce.
Based on definition of the flattenable mesh surfac€hapter4.1.1, mv,)at v,
is defined to measure the flattenablility ¥ A smaller n(v,) at vertexy, in a

triangular mesh surface means that the surface can be unfolded iptart&3in less

38



distortion and deformatiorf-or an improved 3D surfacklnp, if its summed inner
angl es are cl| oMgrcan tbe unfalded intes R0pldnes m eess
deformation and distortion. To generate an improved surface for flattenability, the
surface should satisfy E¢i-(0).

min & |g(,)- 2k (4-10)

Vpivin
The Laplacian mesh is widely used to remove rough features from irregularly

triangular mesh surfaces for maintaining desirable geometric fedesbrunet al,
1999. For a mesh surface expressing with trip{ég E F} , v, denotes the position

of vertexv, in a 3D coordinate as follows.

1 .
v, - mﬁl‘pvp =) (4-11)

where NPis a set of Iing neighboring vertices ofp, v, is an interior vertex

(Vo1 V), and |N’|denotes the number of elements in the set-hd. neighboring

vertices ofv,. The linear system can be rewritten in the matrix as4#1)
Lx =0

Ly=0 (4-11)
Lz=0

wherex, y andz arenxl vectors that contair, y andz coordinates of vertices. Matrix

L is a Laplacian operator as shown in E419).

? 1 i =
11 P
L. = N 4-12
y % ‘Np‘ J ( )
} 0 otherwise

When fixing boundary vertices, coordinates of inner vertices on a Laplacian

mesh surface are decided by the membrane functional minimization
2
VoAl +[v drd r(Desbrunet al, 1999. The optimized mesh surface from Eq.

(4-11) is a smooth mesh surface which is uniquely defined by the original surface and

position of boundary vertices. However, a Laplacian mesh surface is not a flattenable
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mesh surface. To generate a smooth mesh surface, the optimization fisxdéovned
from the Laplacian mesisshown in Eq.4-13).
min & |Lv,[ (4-13

The area of the unfolded surface or improved surface should be as same as the
area of the original surface. Area accuracy is applied to evaluate thdiffeeance

between a 3D shape and the improved 3D sl{dysng et al, 2002)To evaluate

difference between the original surface and improved surface, area agglisacy
defined in Eq.4-14).

_a ‘area(f )} areaf O}
- 3 areaf §

(4-14)

A

whereAlis the area of triangl€in original surfaceM, A is the area of trianglein

improved surfaceMinp. To generate the improved surface similar to the original
surface areaareas of triangles in two surfaces should satisfy £&£G5J.
o a ‘area(f } areaf O}

a areaf

Air gaps between the improved surface and original surface can be calculated as

m

(419

the distance between new positions and original positionsrtit®s. To generate the
improved surface with smaller air gaps, the distance between new positions and

original positions of vertices should satisfy E4116).
min g v, - v(,’)H2 (4-16)
Vpl Vin

When improving a surface, nodes in the surface should be moved in the positive
direction of normal vectors of an outer surface. Thus, the original coordinate of each
node is transferred to a new coordinate where the positive directibaaméxis is the
normal vector of the node. A constraint is therefore added in the optimization model
to ensure that all the nodes are moved in the positive directibie nhxis.

The computational scheme fasptimizing the surface with four defined
requirements and oneonstraint is formulated into a constrained mahljective

optimization problem as shown in E4-17).
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min a va- v?,”2
min  § ‘q(v )- 2,47
vIV

. 2
min a HvaH

Vpl V\n

a ‘area(f )} areaf Oj
g areaf §

~

st v il 0y W,

n

min

. 0.
Vi, = Vi >0

(4-17)

where Vv_ is a set of inner vertices that are allowed to move during the optimization

search, and boundary vertices are fixeq, and vj, are directiors of normal

vectos for v, and v , respectively. The normal vector of vertexs estimated by

Eqg. (3-2) in Chapte3.1

A spatial coordinate transformation is applied to transfer the original coordinate

of each node to a new coordinatdere the positive direction of theaxis is the

normal vector of the node. The transformation process is shokigure 4-6 andEq.

(4-18).

eva 2 pg el 0 0 gc@sg) sin(gg O V@
éviw GR(a)F{g \{Je :% cos( # sin( )4:: %in( )gcos( ) & VDE
&, Y v @] -sin@) cos(@)y 0 0 1vyg

where & and g are calculated by Eqs4-19) and @-20), respectively.

O

vpX

a= arccoﬁ“ = =
Q\/ vax + vay vpz

a
g= -arccos?e—

(4-18)

(4-19)

(4-20)
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Figure 4-6 Candidate transformation process

Eq. @-17) can be transferred into a constrained optimization problem as Eq.

(4-21).

2 ol 2 a f 0
J(X)=m§ ‘ﬂvp) 2 ‘p +, rla\;.” Wl % 'd‘vp \/;H' 4a+'L6}rea( } areaf }

Vol Viy A % IV, " a area(f ?
st - 0, ¥,
Vi, - Vi >0
(4-21)
Four coefficientsn, m, m andmare weights of each part in the optimization
model and assigned by users;=10, m=1.0, m;=0.1 and ;=10 are usedbased
on the magnitudeof each partfor all examples. The value ofz must be much

smaller than 3 for the system stabilityHuang et al, 2012)Additionally, for

increasing the surface flattenability;;should be larger thamandm;. The order of

magnitudes for area accuracy is less than otbgquirements because the area

accuracy is measured prercentage. Thugg should be larger thamand/;.

4.3.2 Optimizationof search procesyy

As the large number of nodes in a triangular meshed surface, optimizaititme
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search process is normally a hidimensional computational problem. To improve
the efficiency of the optimization process, a local node selection strategy is proposed

in the optimeation process to decide initial poptimized nodes. The local vertices

selection strategy is the evaluation of nodes that contribute lafgg) for the
surface.

mv,) is used to search contribution of each nodéhe surface improvement
process. These nodes with the large valuef,) are selected as high contribution

nodes.

All the nodes in the original surface should be moved onlyhéopositive

direction ofthe z-axis. If a node meetgy(v)- 2 p >0, the node will be moved tilne
positive direction othez-axis to improve the flattenability as shownFigure 4-7 (b).
While if a node g(v)- 2 p <0, the node will be moved tthe negative direction of
the z-axis. Onering neighbor nodes for a node wittj(v) - 2 p <0 can be moved to

thepositive direction othez-axis as shown ifigure 4-7 (a).

0(v)-2r <0 ov)-27>0
(a) ()

Figure 4-7 Node movements in different conditions

Based on the local vertices selection strategy, nodes with the high contribution of

improving flattenability are moveth each step. The process of the local vertices
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selection is shown in Algorith@-1 as follows.

1) mv,) is calculated for each node in the original surface. Nodesthétop
30% large values ofr(v,) are selected as reference nodes.
2) Reference nodes witlg(v) - 2 p >0 are selected as poptimized nodes.

3) Reference nodewith g(v)- 2 p <0 are left in the reference nodes set, and

onering neighbor nodes of them are selected as candidate nodes. If nodes in the
candidate nodes set are not in the reference nodes set, they are selected as
pre-optimized nodes to mova each stepf theiteration.

4) After several iterations, some nodes have been moved to the positive direction

of the z-axis. When updating initial input nodes by the local node selection strategy,

reference nodes wit(v)- 2 p <O are left in the reference nodes détthey have

been moved to the positive direction tbk z-axis in the iteration process, they are
selected as preptimized nodes andanbe moved to the negative direction tbke
z-axis with a distance thahorter tharthose thathave been moved to thmositive

direction of the zaxis in the previous iteration process.

Algorithm 4-1: local node selection strategy

1: for i =1to number of vertices

2: my) =| qv) 2 |

4: end for
5. Top « Top 30% large values ofV,)

6: for i =1to number of vertices

7: if mVv,)>Topthen

8: if g(v)-2 p>0 then

9: v; selected as preptimized nodes

10: else

11: vi is |eft in reference nodes set

12: v; is selected as pieptimized nodes and moved to the negative directiothef
z-axis

12: onering neighbor nodes of are selected as candidate nodes

13: end if
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14: end if
14: end for
15: for i =1to number of vertices in candidate nodes set

16: if candidate nodes are not in the reference nodébeset
17: v; selected as preptimized nodes

18: end if

19: end for

20: return pre-optimized nodes

The L-PSO process is shown in Algoritht2 to improve flattenability of a
surface Main processesf the proposed optimization are as follows.

Initial pre-optimized nodes are selected by the local node selection strategy as
inputs of the PSO method. Initial inputs also include the initial population NP, initial
positionX, initial velocity V, and initial iteration number T for the PSO processef
completing iteration number T, gbewst the best position in the current iteration
process. Iff(gbes) is smaller thanf(Gbest), where Gbest? is the best global
position of the k-1 time of choosingpre-optimized nodesGbesf=gbest; else, the
iteration number will be increased to T+T. #fGbesf) — f(Gbest?) < ¢ | t he
optimization process stops and Gbdstthe finally improved surface, else, initial
pre-optimized nodes are updated based on the current surface using theotbes

selection strategy.

Algorithm 4-2: L-PSO
1 k« 1

2: t« 1

3 i« 1

4: do

5 input Preoptimized nodes, Initial population NRjyitial position X, Initial velocity V, and
Initial iteration number T

6: do

7: while t ¢ T (Initial iteration numbérdo

8: while i ¢ NP (initial population do

9 Vi)« wif(t-1) gr(pbest { 2) ¥- 1) i, gbestt( 1) t( -1
10: X« ¥(t-1) v/ ()

11: i« i+1

12: end while

13 Update the best local positiopbest{ k { pbestt( ), pbest (Q, Ofbgst }(
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14 Update the best global positiogbest{ x miq pbestt( ), pbest Q,O gbgst }
15: t«e t+1

16: end while

17: if f(gbesj< f(Gbest?) then

18: Gbest« gbest

19: else

20: T=T+T (increaske iteratiornumbe}
21: end if

22: until f(gbesj< f(Gbest™)

23: end do

24: until f(Gbesf) —f(Gbest™?) < ¢

25:end do

26: output Ghest

4.4 Optimization results
4.4.1 A simple freeform surfaceexample

The freeform surface contains 89 nodes, 247 edges and 159 faces. Its 3nitial

model and3D mesh modehre shown inFigure 4-8 (a) and (b) FLV of the original

surface calculated by E4-) is 0.6548. The largest value of(v,) among all the

vertices is 0.289%igure 4-8 (c) shows a color graph of flattenability of the surface

where blue and yellow areas show the vertex having the large vai(e, pf

The initial population NP and initial iteration number T are sédi0@sand 10,000,
respectively. According to Algorith@-2, the iteration number can be increased based
on the solution search in the iteration process. Thus, the value of initial iteration
number T will not affect the accuracy and efficiencythedf optimization processlhe
total iteration numbeis 30,000to reachthe improved surfaceData of the original
surface intermediatesurface generated witkeration number 10,00Gndimproved
surfacewith iteration numbeB0,000are listed inTable4-3.

The surface flattenability is improved to 5.026¥% the optimization The

improved 3D mesh model is shown kigure 4-8 (g) (h), and (). Values of m(v,)

for most triangles are near to zero. The maximum air gap is 3.6055 mm. After the

optimization, the surface flattenability is ingwed from 0.6548 to 5.0261. The
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surface smoottessis decreased from B0 to 26.822. The area of the surface is
increased from 2871.8 mn¥ to 2889.2 mn?. The optimization improves the
flattenability significantly, but it only changes tsarfacesmooth and surfacareaa

bit. Figure 4-8 (j) shows the frequency distribution histogram of air gaps in the
improved surface where most of the nodes have air gaps between 0 and 0.4 mm.

Figure 4-8 (k) shows the position of air gaps where red areas show vertexes with large

air gaps.
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Figure 4-8 Original surface and improved surface of the simple-faeen surface
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Table4-3 Results of original freéorm surface and improved frderm surface

€| | £ 1|8 € C 3 2132 z
3 3 3 |8 3 < |2 = 2 |3 3 Q
o o g |5 T =< 3 S [~ 5 )
e | © | @ |3 O < g 5 ® 2
o | | al|” = 3 2 =
> @ = S e 3
e | | e ®
4] o o
Original surface 89 | 247 |159 |0 0.6548| 0.2899| 26880 | 2871.8| 0
Intermediatesurface | 89 | 247 | 159 | 10000| 1.8422| 0.2478| 26.944 | 2942.8| 3.7450
Improved surface 89 | 247 | 159 |30000| 5.0261| 0.1571| 26.822| 2889.2| 3.6055

4.4.2 A nose model example

The nose model contains 548 nodes, 1575 edges and 1028 faces. The 8bginal

model and triangulamesh modelare shown inFigure 4-9 (a) and (b) withFLV

0.1212. The largest value af(v,) among all the vertices is 0.315igure 4-9 (c)
shows the color graph of{v,) in each vertex, blue and yellow areas show vertexes

with the large value of(v,). The tip and bridge of the noseodel have large values

of mv,).

The initial population NP and initial iteration number T are séi0@sand 10,000,
respectivelyThe total iteration number i#0,000to reach the improved surfadeata
of the original surface, impred surface antivo intermediate surfaces generated by
iteration number20,000and 40,000are listedin Table 4-4. After the optimization,
FLV of the nose surface is improved to 0.6487 as showigure 4-9 (j), (k) and ().
The maximum air gap is 0.329m. Figure 4-9 (m) shows the frequency distribution
histogram of air gaps in the nose model, where most of the nodes have air gaps
between 0 and 0.1 mriigure 4-9 (m) shows the position of air ggped areas show
the vertex with the large air gap.

Although the air gaps are snmalthan the aceptable maximum valu@mm),
the surface flattenability hasot met the requirement. Based on the solution of
previous research, the segmentation can incrieessurface flattenability. Thus, the

segmenting surface is applied to divide the nose model iptecés The cutting line

48



is formed by finding positions ith large values ofu(v,) as shown irFFigure 4-10 (a).

The segmented results are shownFigure 4-10 (b), (c), and (d). The number of

nodes, edges andangles and flattenabilities of three parts are listedable4-4.
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Figure 4-9 Original surface and improved surface of the nose model
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An improved surface is formed using the same initial population and iteration
number. The total iteration number is 50,000. Data of the original surface, two
intermediate surfaces generatedth iteration number 10,000 and 30,008nd
improved surface with iteration numb®&0,000 are listedn Table 4-4. After the
optimization, FLV of three pieces are improved to 5.2935, 5.1577 ad&78,

respectively.

Table4-4 Results of the original nose model and improved nose model

Z| Z| 2|5 2125 2132 Z
3 3 3 |8 3 < |32 X 5 |3 3 <&
3 o T | 5T < 3 S |8 o
3| 8| 838 < 2 |78 | B8
o o o “ o 3 © 2
3 Q > 5] o 3
o [
o «Q o) )
2 3 %
@ 0 Whole | 548 | 1575| 1028 | O 0.1212 | 0.3151 | 15.368 | 2692.8 | O
§"‘§: surface
® 2 Patchl | 198 | 525 | 328 | O 4.0481 | 0.2234 | 11.013 | 807.41 | O
Patch2 | 274 | 704 | 431 | O 2.6449 | 0.1526 | 8.829 889.27 | O
Patch3 | 264 | 716 | 453 | O 1.1318 | 0.3151 | 8.056 996.13 | O
@ 3 Whole | 548 | 1575 | 1028 | 20000 | 0.2512 | 0.2624 | 15.404 | 2694.4 | 0.3251
§"(-3'3 surface
2 & Patchl | 198 | 525 | 328 10000 | 4.7159 | 0.2156 | 11.085 | 808.57 | 0.6809
% Patch2 | 274 | 704 | 431 10000 | 3.4073 | 0.1388 | 11.141 | 889.88 | 0.5058
Patch3 | 264 | 716 | 453 10000 | 2.0001 | 0.2418 | 9.326 997.27 | 0.4973
@ 3 Whole | 548 | 1575 | 1028 | 40000 | 0.5030 | 0.1725 | 15.413 | 2692.9 | 0.3299
§% surface
1 g Patchl | 198 | 525 | 328 | 30000 | 5.0362 | 0.1914 | 11.203 | 809.35 | 0.7036
% Patch2 | 274 | 704 | 431 | 30000 | 4.4934 | 0.0910 | 11.162 | 889.07 | 0.5749
Patch3 | 264 | 716 | 453 | 30000 | 3.3017 | 0.0772 | 9.346 996.89 | 0.4957
w 3 Whole | 548 | 1575 | 1028 | 70000 | 0.6487 | 0.1022 | 15.451 | 2690.6 | 0.3295
%g surface
8 é Patchl | 198 | 525 | 328 | 50000 | 5.2935 | 0.1400 | 11.110 | 808.71 | 0.7036
Patch2 | 274 | 704 | 431 | 50000 | 5.1577 | 0.0464 | 11.150 | 888.50 | 0.5638
Patch3 | 264 | 716 | 453 | 50000 | 3.4570 | 0.0757 | 9.359 996.74 | 0.4954

50



- =

(©) (d)

(a) (b)

Figure 4-10 Surface segmentation process

The improved surfaces are shownFigure 4-11 (j), Figure 4-12 (j) andFigure
4-13 (j), respectively. The maximum air gaps of three parts are 0.7#0360.5638
mm, and 0.4954nm, respectivelyFigure 4-11 (m), Figure 4-12 (m) andFigure 4-13
(m) show the frequency distribution histogram of air gaps in earth negpectively.
Most of the nodes have air gaps between 0 and 0.1 mm in three parts. In addition,
Figure 4-11 (n), Figure 4-12 (n) andFigure 4-13 (n) show theposition of air gaps, red
areas show vadeswith large air gap

The flattenability is closely related to the number of vertexes. If a surface has
many vertexes, iwill be difficult to improve its flattenability In addition, the
constraint of nodes ithe original surface moved in the positive direction of normal

vectors of an outer surface also restricts the further improvement of the flattenability.
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Figure 4-13 Original and improved surfasef segmeratdpart 3 of the nose model

4.5 Surface wfolding
4.5.1 Coordinate transformation

The coordinate transformation is required in the process of surface unftrloimg

3D modelto its 2D surfacesA triangle meshin the 3Dmodelis first chosen as the
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central triangle. The plariecatedthe central triangle ishosenas thefixed 2D plane

and other triangles in the 3D shape are transformed to the 2D plane layer by layer
from triangles near the central triangle to triangles far away from the central triangle.
The central triangle is located in the middle of the 3D shape to reduce the number of
iterations.

In the unfolding process, a central triangiefirst selected tanfold it without
deformation. Labels of boundary vertexes are defined as 0, and labels of other
vertexes are defined as Inf at first. Vertexes with label Inf that directly connect to
boundary vertexes are searched and changed their labels from Infadekeg with
label Inf directly conneetd to vertexes with label 1 are searched and changed their
labels to 2 until there are no vertexes with label Inf. Labels of each triangle are
defined as the summation of labels for vertexes. The triangle with ripestaotal
label value is chosen as a central triangle. The central triangle is unfolded into a 2D

surface without deformatiofkigure 4-14 (a) shows the triangle labeling process.

(a) (b) (c)

Figure 4-14 Triangle labeling and schematdiagram of triangle crossings

To reduce the number of iterations in the coordinate transformation, a triangle
crossing is proposed to increase the number of triangles unfolded in each unfolding
step. Figure 4-14 (b)-(d) show the sequence of triangle crossings, where the pink
crossing is the central triangle crossing and other triangles are adjacent triangle
crossings.

Thus, after unfolding the centralangle without deformationa central triangle

crossing is chosen and unfolded. The weight center of the central triangle is calculated
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and several unfolding directions are defined through the weight center of the central
triangle. This process starts at the unfolded central teangsearch whether each
edge of unfolded triangle intersects with each unfolding direction. If an edge of an
unfolded triangle intersects with the unfolding direction, the neighbor face of the edge
will be unfolded. After unfolding triangles pass throwgdcth unfolding direction, the

total number of triangles in each unfolding direction is calculated. The unfolding
direction with most triangles is chosen as a main stripe. The main stripe and its
vertical direction are composed as the central trianglesioigas shown inFigure

4-14 (c). The central triangle crossing is unfolded with no deformation

If two or more triangles appear as the same value of the label, all the triangles
will be unfolded without deformation. All the triangles will be tested to find central
triangle crossing. The triangle with the most triangles in the main stripe will be
selected aghecentral triangle.

To unfold adjacent triangle crossings layer by layer, targeted triangles unfolded
in one iterative process should be obtained first. The targeted triangles are 3D
triangles having common vertexes with unfolded triangles. Baiafolding targeted
triangles, inner angles of targeted triangles should be calculated first. To unfold 3D
surface without deformation, the inner angle of a @éneshould be equal to the
corresponding inner angle of the 3D triangle mesh. However, thmed inner angle
of an internal vertex in the 3D model may not equalrt¢E2). (4-22) andFigure 4-15
(a)), while the summed inner angle of an internal vertex in the 2D unfolded surface
should equal t® TM(Eqg. (4-23) and Figure 4-15 (b)). Thus,the inner angle of an
internal vertex ixalculatedas follows.

| | | | | | - (4-22
rtr 1t 1t 1 1 ¢ (4-23

If b, § 5 have been unfoldedp,, & , arecalculated as follows.
Po——t¢ 1 1 1T Q Thiy (4-24)
There are two kinds of targeted triangles in adjacent triangle crossings. One is

triangles with one unfolded edge that belongs to boundaries of unfolded triangles (The
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blue triangles irFigure 4-14 (d)). The other is triangles only with one unfolded vertex
that belongs to boundaries of unfolded triangles (The green triangkegure 4-14
(d)).

To decidethe position ofunfolded vertexes iargeted triangles, for triangles
with one unfolded edge that belongs to boundaries of unfolded triangles, targeted

triangles are blue colored triangles kigure 4-16 (a), whereP is the vertex to be

unfolded, 4, parecalculated using Eq4-24). |1 is the length of an unfolded edge of

a 2D plane Using two angles and one edge of a triangle can uniquely determine a
shape of the triangle. After unfolding, vertexas two possible positions as shown in
Figure 4-16 (a), P andP'. To uniquely determine the position of vertxthe triangle

with the center far away from the center of its adjacent unfolded triangle through the
unfolded edge (the orange odd triangle inFigure 4-16 (a)) is chosen as the right
triangle position. IrFigure 4-16 (a), P is in the right positionln Figure 4-16 (b), Q is

® &

»
(a) (b)

in the right position.

i

Figure 4-15 Inner angle of 3D model and 2D patches

(a) (b)
Figure 4-16 Two categorie®f adjacent triangles
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4.5.2 Disturbing spring

Shapes and contours of 2D surfaces have a significant impact on the accuracy of their
folding back to the 3D shapik Figure 4-17, v; is a boundary node amng is an inner
node. It shows that the virtual force of the mageng model with a crossed spring in
the boundary node is unbalanced compared to inner nodes. iTharsunfolded
surfacehas large deformation ithe shape and contour, it is difficult to get an optimal
result. A disturbing spring is added in some important partlsed?D surfacesuch as
the length, width and contour to improve optimization results.

In Figure 4-17, the red line showthe disturbing springor controllingshape and

blueline shows the disturbing spring for controllingntours.Two boundary vertexes

V,;andv,,are inked by a disturbing springf. v, is fixed, the movement of nodg,is
restricted by spring forcé(v,, \,,) from springsandcalculatecby Eq (4-25).

f (%) = & [V ] - & D) M, (4-25
wherec is the stiffness coefficien§ ‘vbivbj‘is thesumlength between unfolded nodes
Vipand vy,in 2D patchesy D, is the sum distance between original nodgsand
V,, in a 3D surface r\ﬁmvbz is the force directionSimilar to Chapter 3.5Newtoris

secondlaw is used to calculate the new position rafdev,,. With the disturbing

spring the deformation in 2D patches can rieelucedto improveefficiency of the

optimization.
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Figure 4-17 Disturbing spring

4.5.3 Overlapping correction

In the unfolding process, overlapf 2D planesmay be generated as the accumulation
of deformations when more triangles are unfolded. Two methods are used to avoid
overlapping. First one is a local algorithm for searching and optimizing overlaps.
Second apjs the energy releasy the massspring modeto reduce deformation of
each triangle crossing in the unfolding process.

The first method uses a local algorithm to optimize the unfolding process to
avoid overlapsFigure 4-18 shows examples of unfolded Zitaneswith overlaps.

With the occurrence of overlaps, wrong positioned vertexes have two features.
Oneis that the oneing-neighbor edges of a wrong positiongatle have a large error
in the length accuracy, and the enmmgg-neighbor faces of a wrong positioned node
have a large error in the area accurddye otheris that the onging-neighbor edges
of a wrong positioned node intersect with other edges (BlgesethFigure 4-18).
Thus, nodes with overlaps are searched based on those two features.

To correct the wrong positioned node to the right position;rimgeneighbor
edges of a wrong positioned node interseetgd other edges (green edged-igure
4-18) are selected and assumed as springs. The direction of the spring falmayis
the edgewith the direction of moving with wrong positioned vertexes clas® the

edge (the arrow directienn Figure 4-18). After iteraton, the vertex in the wrong
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position will be corrected to the right position.

The second method prevemiverlaps using thenassspring modelo optimize
unfolded trianglesafter unfolding each adjacent triangle crossit reduce
deformation in the unfolding process, which can redube accumulation of

deformations and possibility of overlaps.

Figure 4-18 Unfolded 2D patchesith overlaps

4.6 Results of surface unfolding

A nose model is segmented into 4 parts to reduce the vaijerof Chapterd.4. 3D

shapes and 2D patches of the nose model without segmentation are sloguran

4-19 (a) and (b). 3D shapeand 2D patches of the model without a smooth boundary
are shown irFigure 4-19 (c) and (d). 3D shapeand 2D patches of the model with a
smooth boundary are shown kiigure 4-19 (e) and (f). Errors of the length and area

of the models without segmentation, with and without the smooth boundary are
shown inTable4-5. Results show that surface segmentation can reduce errors of the
length and area significantly. In addition, both length and area errors between two

models for the model with a smooth boundamy small in an accepted level.
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segmentation and smooth boundary
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Table4-5 Errors of the nose model after segmentation it without the smooth

boundary
Length error| Area error without| Length error with| Area error with
without smooth| smooth boundary | smooth boundary | smooth boundary|
boundary
Without - - 0.0758 0.1125
segmentation
Partl 0.0093 0.0194 0.0092 0.0187
Part2 0.0227 0.0479 0.0232 0.0495
Part3(1) 0.0073 0.0164 0.0070 0.0162
Part3(2) 0.0075 0.0186 0.0071 0.0179
4.7 Summary

In this Chapter, a surface segmentation and unfolding processvedopedbased on

the spectral clustering and maspring model. The result shows thasurface
segmentation can increase thmurface flattenability significantly A surface
optimization method is proposed to improve flattenability and surface unfolding
accuracy. Resultgerify the proposed method accuracy ancefficiency of surface
unfolding. Errors of the length andareabetween original 3D model and 2D unfolded

patterrs are reducegignificantly.
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Chapter 5Image-based nodelretrieval

A 3D model retrieval methoid propose based on feature skeletons of the model and
model image. Mesh nodes in a 3D model are embedded into a feature space by the
spectral analysis. Skeletons are formed from features of 3D models to build a skeleton
base. Visual entropies are applied to detdges of the model image. The edges are
thensegmentednto the object and background pixels for contours of the object using

a spectral clustering method. The skeleton of the image is compared with skeletons in
the model skeleton base to find the besttched 3D model using an iterative closest

point method.

5.1 Contour detection of image
5.1.1 Edge detection

Visual entropies are human visual system (HVS) characteristics to simulate the human
eye by comparing the intensity of an image with its background (Lai, Z0ié&)alge
detection using HVS shana good performance Edges in an image are detected
based on visual entropies for a set of pixels. A 2D image can be divided into small
blocks for the edge detection as follows.

An image is partitioned intkxk blocks For an image witfbx3 pixelsshown in
Figure 5-1, a window of the yellow color blockith 2x2 pixelsis used in the process
There are rrk+1)x(n-k+1) blocks br a nxn sized image. Based on the block
selection method shown iRigure 5-1, two neighbor blocks have some overlapped
pixels in different blocks. Because of the overlapped pixels, one pixel is tested for
several timesn different blocks to decide the boundary pixel. This block selection

method can reduce errors when using different sizes of blocks in the edge selection.

> G R

Figure 5-1 Block selection
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Visual texture entropynd visual edgeentropy areusedto decide regios of
edges in an imageThe visual textureentropy is a common measure describe
textures of an imagewhich can beused to decide the spatial correlation of

neighboring pixel¢Lai, 2011)as follows
Qexture e rdlplyory (5-1)

where,n is the number oimage intensityandp; represents the occurrence probability
of animage intensity with o¢ p @ and § " p =1.

The imagentensity of RGB colormagesis combinel by three imagentensiies
of R, G and Bchannels as follows.

Intensity,;; = Intensity, 3 0.299 +intensity 0.587 dmisity, 0.13« (5-2)

The visual texture entropy is based on the probability distribution of pixel
intensities without the eoccurrence of pixel values. In an image, pixel intensities are

not independent each other. The edge can be detected by comparing intensities of

neighborpixels. The visual edge entropy is defirgdEq. (53).
'Qedge entBroE]yeXp (5'3)
where 1- p indicates the ignorance or uncertainty of the pixdle.

An edge detection procesmsed orisual entropesis as follows:

1) The image is divided intixk blocks.

2) Theimage intensityfor each pixel of the original image @ecidedusing Eq.
(5-2).

3) The visualtextureentropy and visuakdge entropy of each block are decided
using Eqgs.%-1) and 6-3), respectively.

4) Thetotal entropyof each block isummed byeq. 6-4).

EQ)Iock_‘tIQQexture Enf£ng¢ entropy (5'4)
where /1,and A, are two weights.

5) The entropes of blocks are sorted intaan ascending order based on their

magnitudeThe block with thdarge valueof entroyy is selecteds the edgblock.
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5.1.2 Contour detection by spectral clustering

Contour detection extracts contour pixels of objdotsa 2D image. A spectral
clustering method is used to divide edge pixels for the object and background of the
image

Adjacency matriXW for building the Laplacian matrix defined in Eq.-&B is

decided as follows.
252 (5-5)

where d; measures the similarity betwetwo edge pixels andj, S is the average

ofd.. d. in the adjacency matritV is decided by Eq. (5-6) to combine the

1] [

difference of RGB colors between two pixels and the distbatgeen two pixels

d =pn W (5-6)
wherep, is the distance between two edge pixesdj. The distance betweewo
adjacentpixels is 1. ¢, is the difference oRGB colorsbetweertwo edge pixels and

j asfollows.

¢ ={(R -R)?’ (¢ G)° (B P* 67

whereR andR; are valus of the R channeffor pixelsi andj, respectively. G, andG,

are valus of the G channeffor pixelsi andj, respectively. B andB, are valus of the

B channeffor pixelsi andj, respectively.

After detecting edges dhe object the objectboundaryin the edgesis selected
as theobject contourFor example, three images kigure 5-2 (a), (e) and (i) are
images ofan airplane from BSDS 500 datab@8ebelaezet al, 2010)a glasses and a
teddy, respectively. Edges are detediaded on methods Chapters.1.1as shown in
Figure 5-2 (b), (f) and (j), respectivelfedge pixels are then clustered into edge pixels
of the object and background as showrfigure 5-2 (c), (g) and (k), respectively.
Finally, objectcontoursof the images are decided as showfigure 5-2 (d), (h) and
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(1), respectively.

Figure 5-2 Contour detections of 2D images

5.2 Feature extraction and skeleton extraction from images and iBiddels
5.2.1 Feature extraction from images and 3D models

The object contour of an image consists of a set of pixels. Each pixel in an image can
be considered as a node in the 2D space. Contour pixels in the image can be
embedded into a 3D feature spacsduhon the spectral analysis. A 3D model consists
of a set of nodes in the 3D space. Nodes of the 3D model can also be embedded into a
feature space based on the spectral analysis. The feature space of contour @ixels in
image and feature space of notes 3D model are considered as featurethef2D
image and features of 3D models, respectively. Thus, features of the image and 3D
model are in the same dimension for the comparison each other.

In the spectral analysis, Laplacian matrix L is define@lmapter 3.Dy Eq. (33).

Adjacency matriX\V for thefeature extraction adn image is as follows.
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? 2Dijj . .

expt — |
i p( ) 0L (5-8)
%

where d,;; measures theistance of twocontour pixels andj, S,,is the average
ofd,y; .
Distance d,;; of contour pixelsin adjacency matri®V of an image is decided

using Eq(5-9) as follows.

dyp; =\/(”.1< _n}()z ) Ff))z (5-9)
where m, is coordinatex of pixeli, m, is coordinatex of pixelj. m,is coordinate
y of pixeli, andm,, is coordinatey of pixelj.

Adjacency matriXV for thefeature extraction of 3D modeksas follows.

e o diny .o
_Texpt 25-) 1 W @)
|

W, (5-10)

3D
0 otherwise

where d,;, measureshe distance between notdandnodej in a 3D mode] Sy is
the average ofd,,, . U, (i) is the set of oneing neighbor nodes of node

Distance d,;; of nodesin adjacency matrixV of a3D modelis calculated using

Eq. (5-11).

oy =y(0, -1M)° G ) (gt n)? (5-11)
where n, is coordinatex of nodei, n,is coordinatex of nodej. n, is coordinatey
of nodei and n,is coordinatey of nodej. n,is coordinatez of nodei and n,,is

coordinatez of nodej.
A feature space is represented by matd¥’ = (u,u,, Q)OO R, composed

of correspondingk eigenvectors othe firstk minimum eigenvaluesNormally, k=3

for featuresof both 2D image and 3D model in a feature space.
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5.2.2 Skeleton extraction from features of images and 3D models

Skeletons extracting from features ah image and 3D model can represent
characteristics of the image and model. The extnagtrocess iss follows
1) Extracton of the centervertexandfeature pointdy the clustering method

A feature point is the vertex located at the endpoint of the protruding area of a
mode] it can be used to compose skeletons of featUfeature points can fully
represent characteristics of the most significant shape&bDfmodel To extract these

feature pointsGaussian mixture mod€lGMM) is usedto clusterfeaturesof the

image and 3D model into seveisgs. Center vertex,of the featuremodelis the

vertex that is closestto the model centroid After defining center vertex,of the

feature mode| verticesare groupednto several clusters bthe GMM clustering
method GMM clustering requires users to assign the number of clustering. The

clustering process is a humaamputer interactive proces3he vertex on each
clusterwith the largest distande center vertexV, is the feature pointor example

Figure 5-3 (a) shows aeddymodelandFigure 5-3 (b) shows it§eature modelith 5
feature points.
2) Topological analysiand &eletonpoint extraction

Three topological structures are defined including branch, rendezvous, and end.
All the points in the same branch of a model are merged into one vertex to form a
skeleton point. Normally, the feature point selected in the last step can be used as the
skelg¢on point in a branchMost clusters only contain one branch. If a cluster contains
more than one branch, the cluster will be divided into sets by GMM to further search
skeleton points.
3) Skeletonconnection

According to the topology information carriegt Bkeleton points, the skeleton is
formed by connecting adjacent skeleton poiotsepla@ a branch with a skeleton

such as the example showrHigure 5-3 (c).
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(©)

(d) (e)

Figure 5-3 Feature space and skeletons of featdioeshe bear model

(d) (e) ®

(2 (h) @

Figure 5-4 3D models, feature space and skeletons of features
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Skeletorbased methods usually are sensitive to variations of model postures.
But when embedding models with different postures into a feature space before the
skeleton extraction, they have the simileature space and skeleton. Robustness of
the method is improved. For example, although teddy bedtgime 5-3 (a) and (d)
have different postures, their features are similar as showigume 5-3 (b) and (e).
Therefore, models are retrieved based on categories rather than different postures.
For example, skeletons of features of 3D models are extracted from 3D models
of the airplane, glasses and teddy from Shape Retrieval Contest SHREO'Q et
al, 2007)as shown irFigure 5-4 (a) (d) and (g), respectively. The spectral analysis

extracts features of all 3D models as showRigure 5-4 (b) (e) and (h). Skeletons of

features of 3D models are showrFigure 5-4 (c) (f) and (i).

a

(c)

(€ (h) ()

Figure 5-5 Contours of 2D image, feature space and skeletons of features

Skeletons are also extracted from their 2D images. Features of image contours
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are extracted by the spectral analysis as showfigure 5-5 (b), (€) and §).

Skeletons of features of images are formeligure 5-5 (c) (f) and (i).

5.3 Model retrie\al

An iterative closest point (ICP) methalproposedo retrieve a 3D model based on
the comparison askeletors of theimage and B model. The ICP methodsearches a
transformation Fto transfer standard data set Ynto the best aligment set
Z =RY +Iwith compared data set §ing et al, 2009) The ieration procespairs
each point in X to the closest point in After the transformation. The next

transformation is decided by minimizing the distabeeveen paired points.

For examplethere argwo data setsX={x}", (red color) and Y={ y}" (blue

color) in Figure 5-6. Usingrotation R* andtranslatiom*, a subsetZ* ={ 7} ", of X
is searchedor the same size Y tminimizethe djective functionn Eq. 6-12).
n 2
¢z)=alrRy 4 (5-12)
i=1
By fixing obtainedz", next rotation R“* and translationT**! are searcled to
minimizethe dojective functionn Eq. 6-13) (Ying et al, 2009)
Q'Y HRY B Y ® 7Y a (5-13)
The ICP method only shows theelation of different points rather than
coordinates of the poist The difference betweedatasetX={x}" andits closest
data set Y aftethe transformatioean beobtainedas follows.
E=RY +f X (5-14)
whereR: andT - are final results othe rotatiorand translationrespectively.

In a retrieving process, the feature skeleton of a 2D image is compared with
feature skeletons of 3D models in the skeleton base using the ICP method. The 3D
model with the closest skeleton to the image is considered &Dthmeodel of the
image. As the ICP method requires a similar size of the two data sets, some data

points may be added on skeletons to meet the requirement. The error between
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skeletons of the image and 3D model is declueHq. 6-14).

For exampleskeletors of images in Figure 5-5 arecompared with skeletons of
3D models inFigure 5-4 by the ICP method The @mparisonresults areshown in
Figure 5-6. The model with the best matched skeletonth@ image skeleton is
considered as the retrieved mad&he comparisondata are listed inTable 5-1.
Distances or dissimilarities between tleletonof airplane imagend skeletors of
the three 3D models a@®1499, 0.1529 and 0.1807, respectively. The bedthis
the airplaneFor theglassesmage, dissimilarities of itskeletors to skeletos of the
3D models are 0468 0.7146and 1.0210, respectively. The best match igtheses
model. For theteddy image, dissimilarities of itskeletonto skeletors of the 3D
models are 0.0079,.@081 and 0.0071, respectively. The best match istetidy

model.

Skeleton of 3D airplane Skeleton of 3D glasses Skeleton of 3D teddy

model’s feature model’s feature model’s feature

Imyedy
s o8ewr oueydire
T Jo uorRA§

SR B A

T
%W%

Figure 5-6 Comparison models

QImnyedy
s o8ewr sasse[3
T Jo uoRg

aImjedf

s o8ewr Appay
T JO uoRAS
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Table5-1 Model retrieving based on the skeletmmparison

Skeletorbase | Skeletonof feature of | Skeleton of feature o] Skeleton of feature of

Input 3D airplane model 3D glasses model 3D teddy model
Skeleton of feature of 20 0.1499 0.1529 0.1807

airplane image
Skeleton of feature of 20 0.9468 0.7146 1.0210

glasses image
Skeleton of feature of 20 0.0079 0.0081 0.0071

teddy image

5.4 Retrievakesults
Feature skeletons of 3D models are extracted to build a skeleton base. 2D images are
used as input fomodel retrieving. The proposed method is implemented using
MATLAB 2017 in a computer with Intel i7 CPU and 8 GB RAM.

To test the efficiency, CPU times of the skeleton extraction of a 3D model and
image are recorded as shownFigure 5-7 (a) and (b), respectively. For 3D models,
the CPU time closely depends on the number of vertices in the model. If the number
of vertices is less than 3000, the CBme is less than 50 seconds. In addition, the
CPU timeof the skeleton extraction from 2D image depends on the number of pixels
in an image. For an image with 400x300 pixels, the CPU time is about 5 seconds. The
CPU time of the comparison for two skeletons is about 0.33 second. Thus, for the
high efficiency and eceptable accuracy, the size of the image should be less than

800600 pixels.
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Number of vertices in 3D models

(a)
Figure 5-7 CPU times of the skeleton extraction of 3D models and images
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To test the accuracy, several standard measures including average dynamic recall
(ADR), mean average (MR) and last ranking (LR) indexes are used to measure the
accuracy of the proposed method. The results are listEbia5-2.

Average Dynamic Recall (ADR()Typke et al,2006, July is an average recall

valuedefined as follows.
1 $2 -B 2L (5-15)
whereq is the number ofmatches in the ground truth ardi(i) is the number of

retrievedrelevant items within the firstretrieved item.
The mean average ranking (MR) is computed by averagingetheval ranking

of all relevant items when consideringaticular query as follows.
-2 -B ® (5-16)

wherec is theposition in the return vector of ordered items

The last place ranking (LR3 defined adollows.

, 2 p — (5-17)
where 7 is the rank at which the last relevant object is found thenumber of

relevant items anhl is the databassize

Table5-2 Accuracy assessment

ADR MR LR
Ideal 1 10.5 1
aMRG based rathod(TungandSchmitt, 2008) 0.8577 30.31 0.74
Multivariate density-basedmethod(Akgul et al 2007) 0.7931 45.90 0.6
Kernelsand extendedReebgraphsbasedmethod (Barraand | 0.7931 20.49 0.892
Biasotti, 2013).
The proposed method 0.8589 141 0.9744

The proposed method is also applied in the human model surface retrieval to
match the 3D model to 2D image. 3D models of the human body parts are divided
from 3D human models. All the models in the model base are extracted into skeletons.
To searb the most similar 3D model in the model base, the skeleton of a nose image
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is compared with all the skeletons in the model base to find the best matched skeleton.
Images of two noses and one armsrewn inFigure 5-8 (a), (e) and (i), respectively.
Object boundaries of the images are showRigure 5-8 (b), (f) and (j), respectively.

Their contour features are extracted by the spectral analysis as shévgura 5-8

(c), (g) and (k), respectively. Retrieved 3D models are showkigure 5-8 (d), (h)

and (I), respectively. Results of the retrieving process are list€abie 5-3. Results

show, for the nose 1 image, the best matched 3D model is a 3D nose model with a
difference of 0.0106. For the nose 2 image, the best matched 3D model is also a 3D

nose model with a tference of 0.0139. For the arm image, the best matched 3D

model is a 3D arm model with a difference of 0.1374.

(a) (b) () (d)

(e)

(O] (k) 0]

Figure 5-8 Model retrieving for human body surfaces
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Table5-3 Results of model retrieving for human body surfaces

Best 3D Relationmatrix Translation | Difference | CPU time
model matrix (s)
Skeleton of Nose model | -0.7887 -0.4604, 0.4074 | 0.0014 0.0106 70.61863
featureof -0.5902 0.3816 -0.7114 | 0.0013
nosel image 0.172Q -0.8015 -0.5727 | -0.0003
Skeleton of Nose model | 0.1240, -0.5919, 0.796 | 0.00(B 0.0139 65.0665
featureof -0.868, 0.3284 0.3787 | 0.0014
nose2 image -0.4857 -0.736L, -0.474 | 0.000®
Skeleton of | Arm model | -0.6507 -0.5128 0.5600 | -0.0023 0.1374 70.05843
featureof the -0.608€, -0.098, -0.7905| -0.0114
armimage 0.459Q -0.852, -0.24MP | 0.0246
5.5 Summary

This Chapter proposesan imagebased model retrievainethod based on feature
skeletons of the model anmdodel imageThe proposed method shows its accuracy

and efficiency in different applications of the model retrieval.
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Chapter 6 Optimization of 3D printing direction

Model segmentation dividea 3D model into several parts to be printed in different
printing directions to increase the surface quality (Wang et al, 2@®ctral
clusteringand deeplearning method are proposedor the modelsegmentatiorto

improve surface quality and reduce support mateoiaBD printed products

6.1 Feature extraction
6.1.1Printing directionand sirfacequality of 3D printed product

3D printing is a layered manufacturing proce&agface qualityof printed productss
affected bythe printing direction called the staircase effecfOropallo and Pieqgl,
2016) Figure 6-1 shows the relation between outer surfaces of a 3Dimgimodel

and printing directions. An outer surface of the 3D printing model should be parallel
to the printing direction for a high surface qualityhelayered 3D prinhg causeshe

cusp heighas follows
g, =lcos(g|® p=d |h (6-1)

where h is the thickness of each layer, amd is an angle between surface normal

vectorn and printing directionl.

Outer surface of

i 0 3D printed model

~

y \
\

\

Cusp height 7,  Expected outer surface

of 3D printed model
Figure 6-1 Cusp height of the surface in a 3D printeddel

77



Cusp heightg, is affectedby h andcosg ). The value of is decided based on
setup of the 3D printer. Whenis a constant, cusp heiglg, isinfluenced byosg ).
A smaller cusp heightg, results ina better surface quality. Thus, whea model
surface is prallelto the printing direction, g, is the lowest and thesurfacequality is
the bestWhenthe surface is verticdb the printing direction, g, is thehighest and
the surface has the poor surface qualityg=0, g, =h; if g=45,g,=0.70"h;

and if g=90 , g, =0. Toimprove thesurface quality,g should meetg < g<

when g <90 and g* >90 |, cusp heighh remains small.

For each triangléin mesh surfac#, the surface qualitys as follows.

E(f)=g, @eaf . (6-2)
where area( is the area of triangle
To decide the surface quality of whole triangular mesh modeE(M) is

defined by integrating the surface quality of a triarfghs follows.Reducinge(M)
can increase surface quality of a 3D printed model.
EMM)=a ,, E(f) (6-3)
q(i, j)is ameasurdetweeratriangle andorinting directionas follows.
ali, ) =IN ()’ N(f) | IDaa (6-4)
wherei is the trianglewith a normal vector seleetl for the printing direction and is
anothertrianglein themesh mode N( f,)is thenormal vector ofrianglef;. N(f)

is thenormal vector ofrianglef; for the printing direction
After searching forall printing directions the surface qualityof trianglej is

definedin Eq. 6-5).
Q; () =min[q(j)] (6-5)
where q(j) is the olumn of matrix q(i, j) for the surfaceguality of trianglej with
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different printing directions.Q, in each triangle is then normalized into interval

[0, 1] by the Minmax normalization as follows.

Qf - min(Qf)

- _ (©-6)
max@Q; )- min@; )

Qi

After segmentatiorthe surface qualityof an entiremodelis defined byEg. (6-7)
when thenormal vector ofrianglei is selectd asthe printing direction

WQ, =mingg o j) (6-7)
éj=1

6.1.2 Support structuref 3D printingproduct

When printing @erhang of a 3D model,the support structurs requiredto keep the
structure stableThere are three types o¥erhang including point overhang, edge
overhang and faceverhangVaneket al,2014). Point overhang ighat the position of
a point is lower than itseighboring pointsFor atriangular faceif anglea betweera
plane defined by thiace and printing direction vectdris largerthancritical anglea

aface overhangiill form. Figure 6-2 showsan exampleof the face overhandVhen

a, < & fycan be printed without the suppettucture.Facef, requires the support

structurebecause ofa, > & (Vanek et al, 2014)Similarly to the face overhang

edge overhang imeasured btheedgenormalwhichis the average of normaéctoss

from two incident faces.

3D printed model

Support structure

Horizontal plane

Figure 6-2 The structure of supponbaterial
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Critical anglea is 45° for most of 3D printers (Vanek et al, 2014, August)
Support structureare assumeih the vertical direction. The supporstructuresan be

decidedby thetotal supportstructuredased orfaceoverhang.
S=/ pld < (6-8)

a2z a
where Sis the support structurea is a subtended angld; is the length of support
structure at poinv; / is a fill ratio (relative material density) tfie support structure
Gis the area of surface.
To simplfy theintegrationprocessn Eq. (6:8), the minimum unit of integration

is usd agheareaof eachtriangular Thus, Eq(6-8) can be rewritten as follav
S=/§ area(f ) O (6-9)

aza
where areaf | is the area of trianglé |, is the distance between the center of
gravity of trianglef and the horizontal place.
u(i, j) is the support structureetween each triangle ampdinting directiond as
shown in EQ.(6-10), wherei is the triangleto decideprinting direction; and is

anaher triangleon M.

g/ Gvrea(f,) 1O N (f, N (f) cos(45

=E N(f,)"N(f) ¢ cos(45” (6-10)

If the normal vector ofrianglei is seleaéd asprinting directiond, and a place

which is verticalto directiond and throughthe centroid ofriande i is selecéd as the

datum plang |; is the distance between the centroid of triangled the datum plane

as follows.
L =1 G I 6 Y N(f)) (6-11)
where,c; andc; arethe centroid of triangleandtrianglej, respectively.

After searching forall printing directions the sipport structureof trianglej is

decided as$ollows.

U (j) =min[u(j)] (6-12)

U, of each triangle is normalized into interveﬁo, 1] by the min-max
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normalization as follows.

— Uf'min(uf)
“max{, )- minU, )

After segmentationthe support structuref a whole modelis decidedusing Eq.

(6-13)

Uj

(6-14) when thenormal vector ofrianglei is selectédasthe printing direction

WU, =mingg u(i, j) (6-14)
éi=1

6.1.3 Normal curvature

Normal curvature of a mesh modslapplied as featurein the model segmentation
to instructsegmenhg 3D model in a concave area.

The normal curvature of vertexis definedby Eq.(6-15).
2(N().Y - Y)

2
vy - vl

K(v) = (6-15)

wherey; is onering neighbowerticesof v..

The normal curvaturef v; camot be calculated by E@6-15) directly, Thus he
MoretorrSequin methods usedto estimatethe normal curvatureof vi. N, is the
normal vector of vertey;. t; is the unit projection of vectaty; in the tangent plane of

vi. The normal curvature i is thereciprocal of radius from the circlejich can be

estimate usingvertexess. v; and tangential vectdyin v; areshown inFigure 6-3.

N(®v,)
r
a Vi
\ -~
v, "

Figure 6-3 Sketch map of estimations for normal curvature
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1
NOWDQ v) _ j”"r"u”

-] : (¢
Ry =2 NWQY_ ¥) (6-17)
(Vj - V|) @J V')

Triangle f is connected withverticesv;, v;, and vj+1. The normal curvatureof
trianglef is estimatedas follows.

K(v)+K(v) +K(v,,)
3

K(f)= (6-18)

Trianglef; is a concave area if its normal curvature satisfies the follow equation.
K(f)>e (6-19)

K(f) of each triangle is normalized into interv§®, 1] by the min-max

normalization as follows.

! mi o (6-20)

ma X mi n

6.2 Model segmentation by spectral clustering

For the spectral clusteridgased shape segmentation methods, triangles on a 3D mesh
surface areonsidered as nodes in a graph, distances between centers of gravity for
two adjacent triangles are considered as edges. Printing features of surface quality and
support structure are extracted from each triangle of a mesh model to form a similarity
matrix. A Laplacian matrix is then structured based on the similarity matrix. A
spectral clustering method is applied to cluster the surface into several parts. To
reduce the connection difficulty of pieced parts, the cutting line is optimized to

generate smoothoundaries
6.2.1 Nodesransformatiorfor graphcut

To segment 3D shape into several piecessgectral clusteringnethod isproposed
to combinethe surface feature and suppaituctureto guide segmentatiorspectral
clustering uses an algorithm evolved from the graph theory. The main idba of

proposedspectral clusteringpasedshape segmentatianethodis that all the vertices
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of a meshsurfaceare considexd as nodesin a space and connected by edges. The
weight value of an edge is lower if two nodes are far anay each othecompared
to the higherweight value ofan edgewith two close nodes.The cutting graph
divides a whole graph into several sgbaphs by optimizing weighting values
betweensub-graphs as low as possible and weighting values irgsajhs as high as
possible.

Surface qualityand sipport structure im 3D printingproductareextractedbased
on trianglesof a 3D surfacemesh modelThus,triangles ® the modelare considered
as nodes in the grap@ommon edges between two triangées considered asdges
in the graph The length ofdges inthe graphis calculatedor the distance between

centes of gravity for two adjacenttriangles. Theransformations shavn in Figure

6-4.
o9
6. ©8
[ ]
.
° (o]
3 2 9

Figure 6-4 Transformation from a 3D mesh surface to graph

e(i, j) is a matrix to show thiength of edges iagraphas follows.

... €lc-c i,] areadjacentrianges
(i J):‘I'II. A i d

_ (6-21)
, 0 othewise
6.2.2Laplacian matrix

Building aLaplacian matrix is the key step the spectral clustering/atrix Wis an
adjacency matrixn Laplacian matrix. to measureimilarity between two data points.

For segmenting a surface lepmbining featuresincluding the surface qualityand
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support structure each triangleis consideredas a node inthe graph and two
connectedriangles form an edgeAdjacency matriX\ is formed byEq. (6-22) to

combinefeaturesincludingthe surface quality and support structwiéh topologyof

the 3Dmodel
?exp(— ei(, j)2) +#, ofd,j) A (. i,j areadjacent triangle
| 2s°? ! ' ’ ’ (6-22)
| 0 otherwie

where, qi(i, j) and ui(i, j) arefeatures of thesurfacequality andsupport structure,
respectively, they are transferredinterval[0, 1] as shown in Eg| (6-23) and(6-24).

h, and h,areweighs.

el q(i,j)<05,q (i) <0.5
qi(i,j)=q(j,i)=i0.5 q(j)<05q (i) B5aif, ) §j(,) B
bo otherwise
(6-23)
el u(i,j)<thresholdu(jj) <threshold
uili, j)=u (j,)=105  u(,j) < tdesholdu (j) 2 thredold (6-24)
bo otherwi®

Normalization of e(i, j)in Eq. (621) formsMin-max normalizationeij(i, j) as

follows.

4. _ €&, ])- min(e)
eill. )= maxe)- min(e) (6-25)

6.2.3 Area balance cut

To generate a 3D printed prodwath several partsf a smallsized part is generad
by the shape segmentatioit,may increase thdifficulty of connectinghe smallsize
partwith other parts tdorm the entire productTo avoid generating smadizedparts
by consideringthe minimum loss function anagnaximum area in each sigjpaph,
Area balance cuf{ABcut) is proposed as follosvto avoid generatinghe very

smallsized piece
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ABcut(A, A0 )Y = 6}1 aﬁ:; @:"; (6-26)

whereW(A, A)= & W, area@®, =& areaf , areaf; jis the area of triangle

il A, IA, it A,

For a k3 m dimensional indicator matrbH ={h,h,, W& , h, is an

m-dimensional vectoas follows

€

h =1 1 . (6-27)
1
|

nLh, =38 AW(h -h)

o

o Wit of +awo —L 3

28&% 1A, w/area(b‘p ) i) A, J areak, ) (6-28)
=1Ww A)

2 areaf, )
= ABcut@®, A )

ABcut(A. A0 B0 4 LY, tr(HELH) (6-:29)

Matrix F is built as shown in Eq6-30) which is adiagonal matrix

F, =areaf | (6-30)

§ mo 1.
= _ i = i 6-31
hy Fh, Ia=l . @ea(f ) areal ) 2 areaf ) (6-31)

The cut igtransferrednto an optimization probleras follows.

min{HTLH}

(6-32)
st H'FH=1
1
If H=F 2Hj,
21 1

HTLH =H{"F 2LF 2H (6-33)

1 1
HTFH =H{'F 2FF 2H H "Hi E (6-34)

Based on th&®ayleigh quotieninodel,
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1 1

/.. Chi'F 2LF 2h €/ (6-35)

1 1
where, /. is the minimum eigenvalue ofF 2LF 2, / is the maximum

max

1 1
eigenvalue of F 2LF 2.

Thus,for thearea balance cut,aplacian matrixcan be nrmalizedas follows.

A 1
2 2

Li=F 2LF (6-36)

Normalized Laplacian watrix Li has m nonnegative eigenvalues
0=/, ¢/ ¢ O(. Corresponihg eigenvectors U =(u,u,, QU)) form an

orthogonal basisFirst k largest nonanull eigenvectors are used to define a matrix

1
U™  =(u,u,, Q) . After normalized by Ui=F 2U™¥  matrix Uj is a
k-dimensionafeature spacef the meshriangular surface
To segmenamodelinto severaparts data inthe feature spaceclustered into

several clusterby aGaussian mixture mod¢GMM).
6.2.4 Boundary optimization

After segmenting anodelinto several parts, the common boundary between two parts
is not smoothbecause otombiring edges oftriangleson ameshmodel A surface
with such common boundaries cannot be used haild a model for 3D printing
directly, becausat is difficult to put pieces togethefmherefore smooth boundaries
areformed foreasy toput pieces togetherthus,liner or quadratic functionsrreused
as smooth boundaries between two parts.

A tangent planen the surface is estimatdzhsed orpositiors of all vertices

After projecting all the points to the tangent plane, autting line

Q v = f(\y) =3y’ 8@y a between two parts (part andj) is formedto divide

two neighboring patchemto two parts with a smooth boundary. The method of

generatinga smooth boundary is tminimize the objective functioas follows

min & [T, - vQ[ (6-37)
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where VT, is positions of vertices transferred ttee tangent plandor pars i andj.

VQ, is the corresponding position in cutting lifg, of vertices transferred tthe

tangent planéor parsi and;j.

6.3 Results of mdel segmentation by spectral clustering
6.3.1Modell

Model 1 is aree-form surfacewith 4019 vertices, 11762 edges and 7#t#hgles for
3D prining. Triangleson the triangulamesh surface arieansferrednto nodes ofa
graph in grapkcut, and the number of nodes is 7744.

This study testperformance othe spectral clustering metdowith ABcut to
segment surfacemodelinto several partg order toincreasehe surface quality and
reducethe support material. The solution is compared to the result generated by a
traditional spectralclustering methodhat builds the similarity matrix by nodes and
edges inthemesh surface directly and sibe graphusing theRatioCutmethod

The traditionaland proposed methedare applied tossegmentModel 1 with
clustering numbe8. Figure 6-5 shows Model 1 segmented the traditional method,
whereFigure 6-5 (a) is the feature space exteatfrom theoriginal triangle surface
Figure 6-5 (b) showssegmentatiorresults. Themodel surface is segmented into 3
parts (greespart 1, yellowpart 2 and blugart 3). The area of part 1 is larger than
areas oparts 2 and3. Figure 6-5 (c) shows segmeatl parts after generatirgsmooth
boundary.

Figure 6-6 showssegmented results dModel 1 bythe proposednethod, where
Figure 6-6 (a) is the feature space extracted from the original triangle suFepee
6-6 (b) shows segmentation results. The surface is segmented into 8gpeetpart
1, yellowpart 2 and blugart 3) Figure 6-6 (c) shows segmented parts after
generatinga smoothboundary

In Figure 6-5 (b), the area of part 1 is larger than areas of parts 2 and 3, and the

size of part 3 is very small. IRigure 6-6 (b), parts 1, 2 and 3 have a similar size.
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Comparing with the traditional method, the proposed method can divide a surface into
several parts with similar areas to avoid genegatiery smaksized parts

Table6-1 lists numbers of vertices, edges, and triangles, values of surface areas,
surface quality, surface support structure, and balanced surface quality and surface
support structure for the wholaréace. Each part is generated from the two clustering
methods. Comparing with the traditional spectral clustering method, the proposed
method can segment the surface into several parts with similar areas and there is not a

smaltsized part.

Part 3
0.02
0
-0.02
0.04

40
0.02

Figure 6-5 Results of Model 1 segmented by the traditional spectral clustering method

0.05

-0.05 0.02

0.02

(c)

Figure 6-6 Results of Model 1 segmented by the proposed method
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Table6-1 Results of Model 1

Model 1 No. No. No. Area WQ wWu WQ+WU
vertex edge triangle

Whole model 4019 11762 | 7744 2648.9 | 690.7 185.6 1202.1

Traditional | Partl 2237 6401 4165 1667.4 | 764.03 | 147.91 | 949.5

method Part2 1204 3360 2157 527.1 71.9 1.1 73.4
Part3 1062 2963 1902 454.4 73.4 0.5 73.9

Proposed | Partl 1310 3361 2352 937.0 213.2 46.8 262.7

method Part2 1228 3461 2234 872.3 335.5 41.8 638.9
Part3 1943 5558 3616 839.6 140.2 2.1 146.1

Figure 6-7 shows clustering results usirtge traditional spectral method and
proposed methofbr Model 1with cluster numberg, 4, 5 and grespectivelyFigure
6-7 (a)(d) areformedusingthe traditionalmethod Figure 6-7 (e)-(h) aregenerated
using the proposedmethod Compaing with the traditional method, the proposed
method can segment the surface into several patchea siittilar size In Figure 6-7
(a), the blue part is larger than red part, while the aréaedfilue part is similar to the
area of red part ifrigure 6-7 (e). In Figure 6-7 (b), the area of purple part is very
small and inFigure 6-7 (c), sizesof yellow and blue pastarealsovery small.There
is no small area formed figure 6-7 (f)-(h). Thus,the proposed method can segment

the surface into several parts without very sragédpieces

®

Figure 6-7 Clustering result®f Model 1 using the traditional and proposed methods

with clustering number 2, 3, 4, 5 and 6, respectively
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6.3.2Model?2

Model 2 isappliedto furthertest the proposed method. It contains 2509aest 7451
edges and 494Biangles. Triangles on th&iangular mesh surface are transferred into
nodes of a graph in gragiut, and the number of nodes is 4943.

Figure 6-8 andFigure 6-9 show results of Model 2 segmentedthg traditional
and proposed methedespectively with clustering number Bigure 6-8 (a) and
Figure 6-9 (a) show the feature space exteatfrom the original triangle surface.
Figure 6-8 (b) showssegmentatiorresults of Model 2 with 3 parts (bhpart 1,
yellow-part 2 and greepart3). Sizes of three parts are simildfigure 6-9 (b) shows
results generatl by the proposed method where ModelksZegmented into 3 parts
(blue-part 1, greenpart 2 andyellow-part 3) Sizes of three partare also similar.
Figure 6-8 (c) and Figure 6-9 (c) are segmered results aftergenerating a smooth
boundary.

Table 6-2 lists rumbes of vertices edges, andtriangles,valuesof areg surface
quality, supportstructure, blancedsurface quality and surface suppsitucturefor
the whole surface and segmented results by two clustering methods. For this model,
the surface segmented by the proposed methods can generate several parts with
similar areasThe segmented surface increafiee surface quality and redscthe

surfacesupportmaterialbased on the value of WQ+WU
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0.05 s !
. K5
i -400 N b
-0.05 q
0 % L T T T
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(©)

Figure 6-8 Model 2 segmented by the traditional spectral clustering method
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Figure 6-9 Model 2 segmented ltlye proposed method
Table6-2 Results of Model 2
Model 2 No. No. No. Area WQ Wu WQ+WU
vertex edge triangle
Whole model 2509 7451 4943 34491 12690 0 13384
Traditional | Partl 853 2411 1559 9302.4 | 1222.6 0 1222.6
method Part2 1011 2872 1862 12802 3796.5 | 1399.3 | 5955.6
Part3 1029 2930 1902 12387 2657.3 | 1337.1 | 5005.0
Proposed | Partl 1177 3346 2170 13711 21198 |0 2119.8
method Part2 842 2288 1145 8782.4 | 1939.9 2739.5 4985.0
Part3 998 2824 1826 11986 2269.2 1010.5 4251.7

Figure 6-10 shows clustering results usittge traditional and proposed metisd

with cluster numbex2, 4, 5 and Grespectivelyfor Model 2.Figure 6-10 (a)-(d) are

formed using the traditional metho#&igure 6-10 (e)(h) are generated usintpe

proposed methodror cluster number 2Figure 6-10 (a) and (€) show thesimilar

performanceFor cluster numbe# in Figure 6-10 (b), the area ofed part is larger

thansizes of other three part$n Figure 6-10 (f), areas of red angellow parts are

larger tharsizesof green and blue part§he proposed method can segment Model 2

into five and six clusters with similasizes Areasof clusterssegmentedoy the
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traditional methodhave large differense The proposed methodshows good

performance compardd thetraditional method

L

Sos! RRp
Tgar ol o 8,
{‘:{5"'."“"""“:, [T

Figure 6-10 Clustering results using the traditional and proposed methods with

clustering number 2, 3, 4, 5 and 6, respectively, for Model 2
6.3.3 Experiment

To further validate the performance thle proposed method, the whole model and
segmentegbartsof Model 1 by the proposed method are printisthga 3D printer.
To compare the surface quality asdpport materiabetweenthe whole model and
pieced model the modelsare printedusingthe same 3D printeandsame material.
Printing directions of edt part are shown iRigure 6-11, where the red arrow shows

the printing direction.
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Figure 6-11 Printing directions of whole model and segmented results of Model 1

Based on segmented results, 3D modelsbaik usinga 3D modeling tool as

shown inFigure 6-12 (a) forthewhole model(d) is part 1 ofthe segmented resuiii)

is part2 of the segmented resuétnd(j) is part3 of the segmentechodel
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(b) (©)

(h) G
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(d)

€3]

0] (k)
Figure 6-12 The 3D model, layered model and printed model of Model 1

Forthe layered 3D model with the support structirigure 6-12 (b) is thewhole
Model 1, €) showspart 1 of the segmented modeh)(is part 2 of the segmented
model, andK) is part 3of the segmented model.

A CubePro DuadD printeris applied to printhe modek. The materiausedis

green ABS and the layer resolution is 200ime printed models are shownhkigure
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6-12, where(c) is whole Model 1,f{ is part 1of the segmented model) {s part 2of
the segmented model; andlié part 3of the segmented model.

After printing the modek, the supportstrucures are removed fronprinted
modek and weighad by a weight scalelFigure 6-13 shows weiglg of the support
material for each modelwhere (a) is for whole Model 1, (b) is partdf the
segmented model, (c) is partd the segmented model, and (d) is parbf3the
segmented modelThe total weight ofthe supportstructurefor three segmented
models is 1.32g which is lighter than teight of the support material for the whole
model(2.099).

After removing thesupport structurérom the printed modelthe outersurface
finish of the model isaffectedas shown irFigure 6-14 (a). Thus, thesupport structure
should havethe small ®ntact areawith the printing model andlocated atthe
unimportantposition.

Based on the printing direction, there are some stripes that occur in the inner
surface of the whole model as showrFigure 6-14 (b). The scatter ploshows that
the distance between two peaks or valigys.83mm and the distance betwegaaks
andvalleys is 4mm.

Three segmented parts are printedpectively,and then pieced together as
shown inFigure 6-14 (c) and (d). There is a gap between each, parich shouldbe
reduced by increasing the printing accuracy. The surface quality of inner and outer
surface of the piecedmodel depends on the piimg layer resolutionThe scatter plot
showsthat he distance between two peaks or valleys &Bmm and the distance
between peaks and valleys i Gnm. Thus, thepieced model has better surface

guality comparedo the whole nodel.
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Figure 6-14 Surface quality analysis of 3D printed models

6.4 Model segmentation by Autencoder
The above proposethethod only combines features of surface quality and support
structure which haslimitations in the clustering number decision. Features including
the curvature, surface quality and support materials can be considered respectively in
the malel segmentation for 3D printing, but there is not a method combing all the
featuresTherefore, aleeplearning based shape segmentation methdevelopedo
combine all the printing feature$ the 3D model

For the deefpearning based shape segmaeptat method, sub-graphs are
generated by prsegmenting 3D triangular mesh models to extract printing features.
A data structure is proposed to form training data sets based on tijeapbb with

printing features of the original 3D model including surfgoality, support structure
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and normal curvature. After training a Stacked Aem@code(SAE) using the training

set, a 3D model is preegmented to build an application set by the-gnaiph data
structure. The set is applied by the trained deaming ystem to generate hidden
features. An Affinity Propagatio(AP) clustering method is introduced to combine
hidden features and geometric information of the set to segment a product model into

several parts
6.4.1 Subgraph data structure

A sub-graph datastructureis proposed to generasedataset for training the tacked
Auto-encoder to form an application setof hidden features forthe model

segmentation-or example, aub-graphwith 9 triangless shown irFigure 6-15 (a).

Adjacent triangles Features Features
00 000 O0®
QOB QOB
0 QO® QO
Q0® QO0®
Q0®
OO®
QO®
QOO
PO®

(b) Sub-graph data structure

g
raues @ DO O DBV DO VDB OCDD -

(c) Training/Application set

(@) Sub-graph

S
000000000

Figure 6-15 Subgraph data structure

The subgraph data structuns a matrixformed by trianglesadjacent triangke
and features. Ira subgraph an inner triangle has thremdjacent trianglesand a
boundary triangle has one or tvaoljacent triangleslf atriangle hashree adjacent
triangles the positionof adjacent triangless filled with the label of theadjacent

triangles. If the trianglehas one or two adjacent trianglébe position without an
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adjacent trianglas filled with 0. After that, the order of theiangleis changed to
build a new structure by searching the triangle anddjacent triangke For example,
in Figure 6-15 (b), triangle 1 and itsadjacent triangleare searched.riingle2 is the
adjacent triangleof triangle 1 Adjacent trianglesof triangle 2 are searchevith
resultsof triangles 1, 3, and 7.After adjacent triangle®f triangle lare searched,
adjacent triangles of triangRaresearched. The searching process corsoutil all
the trianglesare searched. fireeprinting features, including surface qualitsupport
structureand rormal curvature, are selected to characterize geometric properties in
different perspectived~eaturesfor increagng surface quality and reding support
structureare normalizedinto interval [0, 1] using Eg. (6-6), (6-13) and(6-20),
respectively Features @, 1U and XK representthe normalized surface quality
support structureand normal curvaturefor triangle 1,respectively To form the
training set and application sqtrinting featuresof triangles in asubgraph are

reformattedinto a row inFigure 6-15 (c).
6.4.2 Trainingandapplicationproceses

StackedAuto-encodes (SAEs)extract hidden featuresom printing featuresof an
original 3D mesh modeior unsupervised learnind@he trainingorocess of generating
hidden features is as follows.

Original inputX, outputY*=X andfeaturesh areusedto trainan Auteencoder.
Featuresh® areused as inpub train thesecond Auteencodemwith outputY?= h* and
featuresh®. Featuresh® arealso used as inpub trainthe third Auteencoder. After
training several timeand stacking alAuto-encodes, featuresh® are usedas hidden
features to guide thmodelsegmentation.

Figure 6-16 showsan overall workflow of the process. It contains a training

process and an application process.
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Figure 6-16 Workflow of training anépplication processes

In the training process, subgraphcontains 30 triangles and 3000 syiaphs is
generated from 30 3D triangular mesh models in the PSB dékadeterakiset al,
2010)to build the training data set. Features are automatically extracted usng Eq
(6-6), (6-13) and (6-20) coded in MATLAB. Stacked Auteencoders(SAE) was
suggested to use@layers(Chen et al, 2014)t is not necessary to use more layers or
hiddenunits for improving the system performan@abalzaet al, 2016) Thus, three
Auto-encoders are stacked to generate a SAE. Thus, the SAE has four layers
including an input layer, two hidden layers, and one output layer. The number of
vector dimensions irhe input layer is 90. For two hidden layers, numbers of vector
dimensions are 120 and 50, respectivelydRfiensional hidden feature vectors are
collected in the output layer. The training process is shown in Algor@imFor
training the three Autenaders, iteration times are 1319, 413, and 237, respectively.
The training time of the three Autencoderss 114s, 25s, and 5s, respectivealgjng
MATLAB 2019ain a computer with an Intel Core-6500U, 8.00 GB RAM.
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Algorithm 6-1 Training SAE

Input:
Sub-graph data structure, Watrix PT,

300G 90

Number of nodefor hidden layes, K;=120,K,=50,K5=20

Weight ofdecay parameter/ =0.004
Sparsity parameter,s =0.05

Weight of the sparsity penalty teymb =5
Output:

sag, W', b W2 B2 W2 ]

1 Initialization: generatg the initial encoderV\{l, blland decodr V\/Zl b; randomly

2 Calculaton of objective function of the first Autencoder.

C.XY.q)= AX Y, g + & K |IF,)

i=1
3 Generang W' .bf, W 1

Calculaing feature h'
5 Inputtingh'to train the second Autencoder

6 Initialization: generang the initial encoderW,>, 1 and decodr W,*, 1 randomly

7  Calculaing objective function of theecondAuto-encoder. C,(X, Y,q) :%"Y - )1]2 #O )

8 Generang W, b> W/ b’

9 Calculaing feature h?
10 Inputing h? to train thethird Auto-encoder

11 Initialization: generahg the initial encoderV\/lg, bf and decoderWzg, b§ randomly

12 Calculatng objective function of théhird Auto-encoder. C,(X,Y,q) = %” Y - )1]2 H IO )

13 Generang W, b, W, b2

14 Calculaing feature h?
15 Stackng these threduto-encodes toform SAE

In the application processa 3D mesh model ipresegmented inta set of
subgraphs One subgraphcontains30 triangles Coordinates otentral trianglegor
subgrapts are combined with hidden featurestraced from the sub-graph data

structureby the Stacked Autencoder to build aimilarity matrix The AP clustering
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method is used to cluster tlseibgraphsinto clusters to segment theodel The

clustering process is shown in Algorit62.

Algorithm 6-2 Clustering process

Input:
Subgraph data structure, A matrixPU, o,

saE, W, b, W2 b2 WP b

Attenuation coefficient / =0.9

The maximum number of iteration§=10000

Thenumber of convergendterations IT=15

Output:

Clustering results

1 Generang hidden features using tf®AE

2  Calculaing similarity matrix based on theoordinateof central triangle for each sigraph data
structure and thieidden features

3 Initialization: generahg the initial availability matrix and responsibility matrix as zero matrice
4 fori=1toT

5 Updaing responsibility matrix

6 Updatng availability matrix

7 Decayng the responsibilitynatrixusinga; r,,,(i,k)=/ ¥ (k) @& A r k)

8 Decayng the availability matrixusings; a,,,(i,k)=/ %a(i,k) @ A a 3(i,k)

9

ifIT<15do
10 i=i+1
11 else
12 end for
13 end if
14 end for

15 Generang the clustering center
16 Generang clustering results

6.4.3Common surface optimizatiaand @nnector design

As a common surface between two adjacent parts iplamar after clusteringhe
difficulty of assembling all the parts together increaJesredue the difficulty of
shaping and assembly of parts, Support Vector Machines ($Sikenset al, 2002)
is introduced to fit a planar between two adjacent @atkis methods more robust
than using the least squaresmethod (Wang et al, 2016)The model is finally
segmented based on the fitted planes.
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A commonplaneP: x'W+b © is generatd for eachpair of two adjacent
patches Each SVM planeP; generate an optimal common surfacédetweentwo
adjacent parts

Generating the best position @dmmon plané can bedefinedas follows.

. 1
T I = i W

st y=x'W +) 2i 12,3,..r

(6-38)

where,X; is a column vectorf position for node; in a 3D triangular mesh shapg,is
thelabel of clusters.
For the optimization problenof solvingW andb to form planeP, Eg. (6-38) can

be rewritten as follows
N L T n..
maln Ea aa gy yx % - aé
i=1j 2 i E
st 4ay=0 (6-39)
i=1

azo0j =1,23.n

PlaneP can berepresenteds follows
xW+b 9 (6-40)
where, W= g & yx andb=y; -8 ayx'x

i sV il sV

After the segmentation based on the fitted plane, connectors are added between
adjacent segments to ensure that parts do not shift in the assembly. The shape of
connectors is a simple cylinder. For two adjacent-chjbcts, two connectors are
added into oa segment, one is convex and the other is concave to avoid shifting and
increase firmness in contact. The position of the connectors is based on the shape of
connected surfaces. Normally, connectors are placed on two sides closed to the edge
of connected wfaces as shown iRigure 6-17. After deciding an assembly order, a
connector is added to each segment with appropriate dimensions. Connectors are

placed on the connected surface without affecting the assembly process.
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Figure 6-17 Connector design

6.5 Results ofmodel segmentation by Autencoder
6.5.1 Smulationof themodel segmentation

3D triangular mesh models are used to validate the proposed f8AH® model
segmentationEight modelsare appliedncluding models ofairplane, ant, bird, chair,
fish, fourleg, glass and teddys listed in Table 6-3. For segmenting modslwith
hidden features, all the eight models &m@nsferredinto a data set based on the
proposednethod.As some trianglesarenot includel in thedata structurethe tiangle
usage rates defined forthe percentage dfianglesused inthe data structure~or
theseeight models, all of them hawetriangle usage ratagher than 93%. Thus, the
data structurean represent the original model for clustering.

To evaluate solutions of the increased surface quality and reduced support by the
proposed method, structuralues of WQ calculated by E(6-7), WU calculated by
Eq. (6-14) and WQ+WU in the segmented models based on features of surface quality
and support structure are compared with values of the original model, and values of
segmented models based on the geometric distance.

TheAP clustering does not need to assign thaler ofclustes. It generatethe
number of clustex based on input data. Thusimbers of clusteraredifferent for
models segmergd with hidden featureand thegeometric distanceNumbers of
clustes for eight models are listed Table 6-3. Figure 6-18 shows clustering results

of the eight models The first row is the original 3D modelshe second row is
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clustering resultsvith the geometric distance, atite third row isclustering results

by the proposed method

Table 6-4 lists segmentation results dhe airplane model with the geometric

distance andhidden featuresTable 6-5 showssegmentation results of fiish model

with the geometric distance and hidden featuféevalueof WQ + WU of the whole

model islargerthan the two segmented resulisevalue of WQ +WU for clustering

results with hidden featuress smaller than clustering results with the geometric

distance Thus, the proposethethod using hidden featuréscreass the surface

quality and reducsthe support structure.

Table6-3 Data of 3D triangular mesh models

Airplane | Ant Bird Chair | Fish Fourleg| Glass | Teddy
No. of nodes 5400 6370 | 7849 | 84499| 7121 | 8078 7016 | 10233
No. of edges 16194 | 19104| 23541| 25497| 21357 | 24228 | 21042 | 30693
No. of triangles 10796 | 12736| 15694 | 16998| 14238| 16152 | 14028 | 20462
No. of data structures 337 412 512 531 463 521 454 669
Trianglesusage ratéo 93.65 97.05 | 97.87 | 93.72 | 97.56 | 96.77 | 97.09 | 98.08
No. of cluster with 5 13 5 4 11 16 5 15
geometric distance
No. of cluster withhidden | 5 14 5 4 12 15 6 17
features
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-

P
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Figure 6-18 Clustering results of 3D triangular mesh models
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Table6-4 Segmentation results of the airplane model Withgeometric distance and

hidden features

Air plane Clusteiing with geometric distance Clusteiing with hidden features
zZ pd z z
= = X + =} = X +
= | 2 Q s = | e o s
28 | S Blg lo©
S |3 a3
- -
(2] (2]
Whole model | - - 0.4948 | 468 | 0.5696 | - - - - -
w Partl | 1976 |61 | 0.0988| 16.9 | 0.1031| 2305 |71 | 0.0464| 12.9 | 0.0486
S | red
3 Part2 | 2459 |79 | 0.0540|8.56 | 0.0522| 2326 |72 | 0.0862|8.95 | 0.0908
g yellow
% Part3 | 2015 | 62 | 0.0820| 4.72 | 0.0828| 2238 | 72 | 0.0510| 5.86 | 0.0522
~ | green
Part4 | 1879 | 60 | 0.0929| 4.07 | 0.0933| 1939 | 60 | 0.0988| 16.9 | 0.1020
blue
Part5 | 2467 |75 | 0.0484|12.9 | 0.0506 | 1988 | 62 | 0.0800| 3.86 | 0.0804
pink
Total | 10796 | 337 | 0.3761 | 47.15| 0.382 | 10796 | 337 | 0.3624 | 48.47 | 0.374

Table6-5 Segmentation results of the fish model with the geometric distance and

hidden features

Fish Clustering with geometric distance Clustering with hidden features
z z z p
o o o (o]
= | o = = = o = s
= c Q C =. c Q C
2l g ; z | & ’
a | 3 @ | 3
R R
[0} 2]
Whole model | - - 1.6851 | 402 1.7384 | - - - - -

Partl | 1609 |53 | 0.0637|1.38 | 0.0639| 1729 |57 | 0.0697| 1.39 | 0.0699
Part2 | 1192 |39 | 0.1243| 193 | 0.1558| 1222 | 40 | 0.1252| 193 | 0.1568
Part3 | 1212 | 40 | 0.1189| 80.3 | 0.1310| 1090 | 36 | 0.1231| 66.2 | 0.1352
Part4 | 1090 |36 | 0.1231|66.1 | 0.1352| 1053 | 34 | 0.0724| 67.4 | 0.0809
Part5 | 1152 | 37 | 0.0858| 102 | 0.0979| 1037 | 34 | 0.0743| 68.7 | 0.0817
Part6 | 1190 |39 | 0.0906| 118 | 0.1030| 1097 | 36 | 0.0985| 32.1 | 0.1021
Part7 | 1134 |37 | 0.0946| 1.43 | 0.0948| 1161 | 38 | 0.1079| 8.38 | 0.1119
Part8 | 1187 |39 | 0.0417|1.59 | 0.0419| 1259 |41 | 0.0428| 1.59 | 0.0430
Part9 | 1372 |44 | 0.0444|1.22 | 0.0449| 1308 |42 | 0.0431|1.22 | 0.0436
Partl0 | 1145 | 37 | 0.0687| 3.06 | 0.0720| 1206 | 39 | 0.0742| 3.06 | 0.0776

[opow pauswbasg
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Part 11 | 1955 | 62 | 0.0888| 7.09 | 0.0903 | 1325 | 43 | 0.0615| 2.50 | 0.0618
Partl2 | - - - - - 751 23 | 0.0247| 5.17 | 0.0254
Total 14238 | 463 | 0.9446 | 5752 | 1.0307 | 14238 | 463 | 0.9174 | 4507 | 0.9899

6.5.2 Experiment

For further validatbn of the proposed methodthe whole airplane model and
segmenteairplane modeWith hidden features are printed usitig polylactic acid
(PLA) material The models are simulated to generate 3D layesstltsafter using
the commorsurfaceto segment the airplane model and design conneatalifferent
parts. The printing directia is generated based on<E@-7) and(6-14) with the
lowest value oiWVQ+WU. To show the surface quality clearly, tsed printing layer
thicknessis 20Qum. Whenreducing thethickness of each layethe surfacejuality
can be improved.

The remoed support materiabf each parfrom the printed model is weighted
by a scaleThe support materiabf the whole model is 16.58gh& support material
of segmentegbars are 0.5g, 2.35¢g, 0.48g, 1.92g, and 1,5&gpectively Compaing
with the whole modelthe total weight of thesupport material fothe segmented
airplanemodel is 6.82¢, lighter than 16.58g.

Theouter surfacef the printed wholenodelis deterioratedecause ofemoving
the suppormaterial. Thus, the support structure should be locatetieaunimportant
position of the printed modeThe support structuref the segmented model is on the
inner surfacewithout affecing the surface quality. @ne stripesoccur on the outer
surface of the whole modélkecause the surface is verti¢althe printing direction.
The distance between two stripes2isnm and thedepth of astripeis 0.2 mm as
shown inFigure 6-19 (a).

In the asembledgrinted model, theunctionbetweentwo parts can cause a gap.
The gapcan bedecreasedby increasing the printing accuracy. For each part, most of
the area othe outer surface is paralléd the printing directiorfor surface quality
improvement The surface quality of outer surfacesincreasedcompared to the

whole printedmodel. The distance between two stripe€i2 mm and the depth of a

106



stripe is0.1 mm, which islower than the value of the whateodel as shown iRigure

6-19 (b).

(a) (b)
Figure 6-19 Surface quality of printed models

6.6 Summary

In this Chapter, aspectral clusteringpased shape segmentation methsd
proposed toimprove surface quality and reduce support materialsaddition, a
deeplearning based shape segmentation method is also prop®kedsurface
segmentation methods have bempplied in case studiesResults show thathe

surface segmentationcreassthe surface quality and redusthe support structure.
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Chapter 7 Conclusion and future work

7.1 Research summary
This research imotivatedby bolus shapingProblems of thexisting bolus shapinm
inefficiencyand inaccuracgretransferrednto threeresearch problenes follows

(1) Improvementof surface unfoldingmethodsto reduce deformation and
distortionof bolus shaping

(2) Introduction ofa model retrievalmethod to improve efficiency of bolus
shaping

(3) Optimization of the printing directionto increase surface quality and reduce
support materiabf 3D printed models

For thefirst research problensurface segmentatiomethods are developed to
increasethe surface flattenabilityand unfolding accuracyy spectral clustering
methods wherea Laplacian matrix is designed to coméitine surface segmentation
saliency and geometric informatioRarticle swarm optimize(PSQ is applied to
optimize surfaceflattenability and estimate air gapThe objectivefunction and
constraint are identified to search an optimal solution for the 3D surfadelwith a
high flattenability.In addition,triangle crossings atatroducedto reduce the number
of iterationsin the coordinate transformatioprocessrom 3D surfaces to 2[planes.
A disturbing spring is added into the magsing model with crossed springs
improve the efficiency of contours optimizatitor unfolded2D planes

For the secondresearch probleman imagebasedmodel retrieval method is
developedby comparingfeature skeletons of the model and model imagmes in
3D meshmodek are embedded intafeature space by the spectral analyarsd then
formed into Keletons to build a skeleton badedges of the modeimages are
deteced using vsual entropiesandsegmentednto the object and background pixels
for contours of the object using spectral clustering. ifteegeskeleton is compared
with skeletons in the model skeleton base to find therbasthed 3D modaising an
iterative closest point method

For the third research problemsurface segmentation method is proposed based
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on spectral clustering to improve surface quality and reduce sugipoctures A
Laplacian matrix isdesigned to combinéeaturesof surfae quality and support
structure The spectral clustering method cluste¢he surfacenodelinto several parts
to improve surface quality and reduce support materidsfurther improve the
spectral clusterirdpasedsurface segmentation meth@eep learnindpasedmethod

is proposedby combiningprinting featuresof surface quality, support structure and
normal curvature A 3D product triangular mesh model is megmented into
subgraphs A Stacked Auteencoder (SAEj)s trained to extract hiddefeatures based
on rinting featuresAn Affinity Propagation (AP) clustering methodirgroducedto
combine the hidden features and geometric informatidegmenta 3D shapenodel

into several clusters f@D printing.

7.2 Researchcontributions

For thesurface unfolding improvement

1 The developed spectral clustering method can efficiently improve accuracy of the
surface segmentation by using a Laplacian matrix to combine the surface
segmentation saliency and geometric information.

1 Proposed four objectives and one constrint particle swarm optimizer (PSO)
can effectively support the optimization of surface flattenability and air gaps
estimation.

1 A disturbing spring added into the mag®ing model with crossed springs can
effedively meet the efficiency of surface unfolding by changing the shape of 2D
planes.

For themodel retrieval

1 Feature skeletons of the image and model are proposed to improve the
imagebased 3D model retrieval method.

1 Visual entropies are proposed to extreaadges of images.

1 Gaussian Mixture Model (GMM) is built to extract skeletons from features of both
3D model and 2D image.

For 3D printing
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1 The proposed similarity matrix can effectively include features of the surface
guality and support material of a 3Gigied model.

1 The propose@rea balance cut can efficiently s@igraph based on the minimum
loss function and maximum area in each-gudph.

1 The developed deep learnibgsed shape segmentation method can effectively
extract hidden features andmbine the geometric distance to increase the surface

guality and reduce the support structure of 3D printed parts.

7.3 Future work

The imagebased model retrievanethod will betestedin different applicationsf

bolus retrieving to further validate theethod.Shapes and positions of the support
structure will be optimized based on tBB printing feature extraction and model
segmentation to further improve the surface quality and reduce the support structure.
The model segmentation method will be fertlevaluated using differentodelsand

materials
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