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Abstract

Most existing 3D virtual tryon systems put clotheesigned in one environment
on ahumancaptured in another environmemthich cause the mismatchieglor and
brightness problem. Andlso typical 3D clothes modeling starts witmanually
designed 2D patterns, deforrtieem to fiton a human, and applissitching to sew
those patterns together. Such work usually relieslwor ork.

In this thesiswe describe an approach to reconstruct clothes and human that both
are from the same spad®ith multiple Kinects,  models the 3D clothedirectly out
of adressednannequirwithout the need of the predaéd 2D clothes pattesnand fits
them toa humanuser. Our approach has several advantages: (i) a simple hardware
setting consisted of multiple Kinects to capture a human model; (ii) 3D clothes
modelingdirectlyout of captured humdigure. To the best of our knowledge, ouork
is the first one which separates clothes out of captured hiiguas; (iii) resizing of
clothes adapting to any sized humaser (iv) a novel idea of virtual trpn where

clothes and human are captured in the same location.
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Chapter 1. Introduction

Online $opping is popular with customers and retaileosvadays Among the
productssold and boughdnline, clothes stand ofdr theircharacteristicsllumination,
colorband sizeesf f ect t he c u $ntofblmesin p@rsonstoppmng isis rmotn .
convenient focustomergo try onthe clothesuntil they find something fitting to their
size, styleand color.Virtual try-on for clothesis the technique that can visualize the
human dressed in selected clothagually without need toundressand dress
themselvephysically Basically, t consists ofwo objects: human and clothésd the
main objective is to fit thelothesto ahumard body.

Based on the data type of human and clotiwesjefinethatvirtual try-on system
can be divided into 2D ar@D systemAnd we define 2D systeno be2D clothes and
2D/3D human while 3D system to be 3D clothes and 2D/3D hui@ahstantial
progressas been achiedan this area during last decades.

Hauswiesner et al5]& systemwas through imagbased rendering approach
which wasconsidered aa 2D virtual tryon systemTen cameras were usedrazord
videos of onemodetuserwearingclothes,andthey extacted those clothesom the
recorded video framdse create thelothesdatabaselt thentransferred the appeance
of the recordedlothesto theu s ebodythroughmatchingu s er 6 s pnpusand f r om
recorded video framesinally, the dressingesult was displayediaTV mounted in
the front wall.

The EON Interactive Mror [7] [8] wasconsidered aa 3Dvirtual try-on system,

which used one Kinecto capturedepth data and track s e skdleton one High-
1



Definition (HD) camera fo’VGA videcs capturingof the userand one vertical TV
screen for displayinthevirtual try-on result Seveal professional artists used 3dax

to model clothes based on actual catalogue images in the offline stage. Whilgibnline
detectednenearst person and tracked motion to med@edotheswith the HD videos

of the userGesturebased interaction was deploykxut customer to choosdathes or
accessories.

Zhang et al[12]6 systemalso adopteinect to capture data, which was also
considered as a 3D virtual ton systemOne customized 3D static human models
generatedrom a template model based on théhaopometry method, which took
measurements based on partial information extracted from Kinect, such as human body
contour and skeleton joints as inpAnimation ofthe 3D static human modelas
implementedased on the recorded customerotion data capired by KinectSeveral
2D garment patterns were mapped onto the 3D hunmatel to generated 3D clothes.

Other systems sudsFitnect[9], and the demo video about Kinect for Windows
Retail Clotheg10] described theimilarideaas the EON Interactive Mirror.

Those existing approaches for virtuay-bn have several limitations. A large
garment database was required to solve the mismatching prohlenissing pose in
the database will cause the mi)mfaBx h bet we
clothes were resized uniformly [/hasced on th
would cause problem wharser is far from the standard porti@pecific format of 2D
clothespatternsvas required fothe 3D clothes generatian [12].

Our work is inspired by thexistinglimitations in current virtual tryon systers,



such as the requirements of manually designed 2D clothes pattednse want to use
the advane of 3D scanner, which can provide more accurate depth data and pesre ty
of data in low price to do &8D clothes modeling without a designer and/or 2D patterns.

In this thesis, a new idea of virtual 4oy is introduced A mannequin ishicely
dressedand a customer wants to check the clothes on him/her but without actually
putting on the clothes. We justilize a3Dscannerte apt ur e t he customer 6
(or the cust omedatdsan lperusedin tbewstsandthersve teanséer
the mannequinés clothes to the customer vir
should be in the same spaneeality, whichcan havahe same illumination condition
to acheve morerealistic tryon result While most existed 3D wal try-on systems
put clothes and human into different space, our system emphasizes on it by
reconstructing clothes and human that both are from the same Afihoegh some
illumination correction algorithms can be used to solve the mismatching kagghtn
problem, capturing clothes and human that both are from the same place can produce
far more realistic result.

Our long term goais to design a 3D virtual trgn system that cabe divided into
two steps: offline and onlin&everal ooms that have theame capturingnvironment
are placed at different locations in different cities. We capture clothes and customer
data, model them into virtual 3D clothes and 3D human in the offline stage.
Reconstructed results are uploaded into the online system. Custameisoalize
themselves dressed selected clothes by loading their 3D bodyd®loand selecting

the concernedlothes.



Our current work is part of the whole system to #ooun 3D clothes modeling and

customization.

1.1 Overview of the System

Our approach is based on multiple heveleasedinects, which has higher RGB
sensor resolution and better depth sensor acguwompared with the old Kinect, and
it is cheaper compared with laser scanner like Cyberigajeso that it can be used in
practice. FouKinects are used in the experimemtapturec @ rviews of the dressed
mannequin with a shirt and a trouser. No spebadkground is usedClothes &e
extracted from the dressed mannequsing Kinect Function and color segmentation
method. hen four views of clothes point clouds are aligheded on 3D registration
technique Next, surface reconstruction method is used to generate the clothes mesh,
and then through mespostprocessingand texture mappingthe weltreconstructed
and textured clothes can be obtain@tbthes resizing is achieved by using #ane
transformation that deformthe naked mannequin teavetheusebs body si ze a
shape
The systentan be divided intbwo parts mainlywhich are shown belaw
DataAcquisition
Data Rocessing
Our 3D clothes mdelingand customizatiopipeline is displaygin Figurel.1.
In the dataacquisitionpart, first, we implement camera calibration and stereo

camera calibration for th®vo built-in Kinect camerasAnd then we use KinectFusion



to scan the naked mannequin and one user dressed in tight clothes to obtain their
respective 3D models. Next, four viewEthe naked mannequin are captured before
the mannequin put on clothes. Finally, four views of the dressed mannequin are
captured.

In the data processing pante process the captured data to generate the 3D clothes
and resize it sizeandfshape t he user s body

We useKinect Body Trackindg-unctionto extractmannequin fronthe background
in frontand back view, while usingdepthThresholding in right and left view$hen
to extract clothes from the dressed mannequin and separate them ishirbaed one
trouser(shirt and trouser are in different colqrsdlor segmentation method is utilized.
After that, region filling approach is used to fill in several data missing redtamns.
views of shirt and trousguoint clouds are genated usingthe extracted shirand
trouser inagesdepth dataintrinsic parametersand extrinsic parameteis/e map four
views of the naked mannequin to the 3D mannequin model to obtain the transformation
between each view. Then by using gaene transformationsouir views point clouds
of the clothes are aligned. To create clothes mesh from the aligned point clouds, surface
reconstruction technique is used. While the reconstructed mesh in the expésiment
watertight, mesh pogirocessings used to process it to output a much more realistic
model shape. And then we apply texture mapping to the mesh to obtain the textured
clothes model.

In the stage of resizingye deform the naked mannequin model to hheal s 8 r 6

body size and shape leas on mesh deformation approach. By using the same



def ormation function, clothes are resized
correction is performed to solve the penetrating problem so that a more realistic try

effect can be achieved.
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1.2 Organization of the Thesis

The thesis is organized as following:
Chapter 2s forthe literature revieywhich coverselated research wodbout
the existing virtual tryon systems3D clothes modeling8D clothes resizing,
3D scannes; andrelatedalgorithmsfor processing 3D data aaésointroduced
Chapter 3s the methodologpart. Detailed descriptionof implementatios
are includedn this chapterCapturng environment setting;amera calibration
and steresameracalibration,data processing pagsch agolor segmentation,
3D registration, surface reconstruction, texture mappamgl resizingare
introducedrespectively
Chapter 4 is the result and validation palte finalresuls andevaluationare
presentedto demonstrate the efficienchenefits and limitabns of our
proposedapproach.
Chapter 5 is the conclusion pafthe main contrbutions of this thesis are

describedSummary and potential futuresearch work are 9 discussed



Chapter 2. Literature Review

In this chapterwe introduce someelated workgo the virtual tryon systentor
clothes And since our proposed 3D virfutay-on system is based aaptured data,
related works about data acquisition aldescribedThen some common techniques
for data processinguch as color segmentatiazglibration,3D registration, surface

reconstruction, texture mapping, and resizing are discussed later.

2.1 Virtual Try -On

Virtual try-on systenfor clothes is the technique fersualizinga human dressed
in selected clothewithout need to dreghemphysically[1]. And it has the potential
application in onlinelothesshopping systerf2] [3].

Human and clothes are two maiancernedbjects in the virtual trpn system
We define that virtual trpn system for clothes can be divided into two series: 2D and
3D, based on the data type of cloth&3.clothes and 2D or 3D humane considered
as 2D system. While for 3D system, 3D clothed2D or 3D humarare included. We
discuss 2D virtual tpn system in sectiah 1.1, and 3D virtual tryon system in section

2.1.2

2.1.1 Virtual Try -Onin 2D

2D virtual try-on is the idea thakepresents clothes as the image frames or video
frames, and to fit the clothes to human body. In the following, we discuss datestl

works.



Araki et al.[4] proposed 2D virtual try-on system that deformed clothes images
to fit a usero6s motion from a web camer a.
offline stage, clothes images were triangulated and prepared for the deformation. In the
online stage, the systempcd ur ed user 6s video aifdhke recogn
clothes were resized and fitted to the human body based on the markers.

Hauswiesneet al. [5] constructed a virtual trgn system through imageased
rendering. They usedm cameras to record videos of one magkar dressed in clothes.
Then the garment database was created by extracting clothes from the recadgd vid
In the fitting stage, theystem transferred the appearance of the recorded clothes onto
the useré6s body by matching the current wus
themodelu s er 6 s p o s ededfvidemsrirarhel. 8 he resutt was shown in a TV

mounted in the front wi A pipeline of this system is shown kigure?2.1.

1) i Za) "ﬁ/.‘ S
S ,
’jf ) @
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)l
Capture user, extract features @
Extract features

Record garments Segment garment Find best match Rendering, registration  Result

2b) 90 ”

Garment ﬂh a'
database .a’.h

Figure2.1 Overview of thevirtual try-on system through imagegased rendering
(reprinted fron{5])

A real timevirtual dressing room using one Kinect was proposd#]iit usedone

Kinectfort r ac ki ng u.ghem 2D clethee was mapped onto the user for

dressing.

One of the advantages of 2D virtual-tlg system is thats implementation is not

very complicatedand has the potential to visualize dressing human ih tirea.
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Moreover, it requirements for hardware device is not Iélewever, me obvious
disadvantage of the 2D virtual tpn system is original clothes can be seen even after

dressing selected clothes.

2.1.2 Virtual Try -Onin 3D

With the advance of 3D sensing device, especially Kinect, the development of 3D
virtual try-on system is unprecedentegeveral 3D virtual tryon systems have been
createdover the past few years to focus on specific problems, asiatustomizing
human modl, fitting clothes to human boggnd so forthin the following, we discuss
some latest works on 3D virtual ton system.

Giovanniet al.[7] proposed to use one Kinect and one Higfinition (HD)
camerao construct a virtual trpn systemlt was named as EON Interactive Mirror
[8], the setting is dayed inFigure2.2. The Kinect was used for detecting one nearest
user in the scenario. Then the 3D clothes from garment database was transferred into
the HD video capturing of the user, and the final visualization result was displayed on
the TV in real timeTheUser Interfae UI) for clothes selection and displayimgtual
try-on effectis shown inFigure2.3. They used the firsgjeneration Kinect, which was
releasedy Microsoftin 2010.But since the resolution of the buift RGB camera in
the Kinect was low, they utilized one HD camera to capture HD video frames of user
instead The system was divided into two stages: offline and onl@&ibration
between Kinect and HD camera, and the construction of 3D garment database were

implemented offline. While human tracking and fitting clothes to the human body were

11



achieved online and in real time. Customers could use theimutsturebased

interactionin Kinect SDK to choose clotheSome artists built the 3D clothes manually

using 3DS Max based on some real catalogue im@yesof the drawbacks is thzd

clothesisr e s i

zed

u

ni for ml

y

based

on

t frem cust ome

the tracked skeletal dat®ost existing systems that use one Kinect to construct the

virtual try-on systendepicted the similar ideas the EON, such as tRénect[9], the

demo video about Kinect for Windows Retail Clotlj&6], and so forth However,

information of technical details about those systems is limited in public.

i O R

s

1l

| Interactive

Figure2.2 EON Interactive Mirroreprinted fron{7]) which uses one Kinect and one HD
camera for capturing he screen shows the preprocessed clothes collection.

UI for Virtual Try-on

(QR code)

Shopping Info

s

o o flmsn
Eemg\e
iothing

Female Clothes Female Accessories

Epmole 2

N8P sd

Figure2.3 Ul for virtual try-on and Ul for item slectionfor the EON Interactive Mirror

(reprinted fron{7]).

In [11], avirtual try-on system using one Kinect was designed and three scenarios

were displayed in the resas shown irFigure2.4: avatar with 3D clothes; 3D clothes

on

12
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used twelvemeasurmens calculatedrbm the Kinect captured data to customize the

avatarThe avatar was scaled globally based on the height of the user. Then it was scaled

locally based on otheneasurements, such as wakisige heightsetd. he avat ar 6s bo
skin color was changed basedtbe skin color froncaptured image of usefor the

3D clothes modeling part, they utilized the available 3D clothes garment database, and

technicaldetails of 3D clothes modeling were not introduced.

refefle

(b) (©)

Figure2.4 Three scenariogsf virtual try-on system using one Kinec¢ga) avatar with 3D

clothes (b)) 3D clothes on userds image (c) 3D
(reprinted fron{11])

The systenproposed by Zhang et §l.2] was also Kineebased. The workflows
of the system is displayed Figure2.5. They wsed one Kinect to capture images of user
and track userod6s skeletal dat a. 28a measur e
data were used to resize omanplate humamodel. Then the template model was
refined based on the front and side contour images of theSgesaral motion data of
the user were also captured for animating the customized template Fadile 3D
clothes generation, severptedefined2D patters were created and prepositioned
manuallyonto the model first. Then topological stitchings implemented to sew those

patternstogetherto create the 3D clotheén idea for automatic prepositioning was

13



proposed irthe systemand itrequired special datformat for the 2D clothes patterns

which consisted ofgpmetrical, topologicabnd semantic information

e ——————
* Template
. Shoulder BRTH ~ —— " e
Waist BRTH
Hip BRTH
Measurements- Upper arm LNTH
Forearm LNTH
Thigh LNTH l

=

Contours

Extract
Front View Side View
ek i IV “ l f
Motion Data

Animated Virtual

Topological Patterns Model of Customer
Stitching preposition

Calf LNTH
Body
Capture | n Adaptation

™~ / \ / \ / \ V. .‘ 2D Prnso Grment

[V IV M)

Figure2.5 Workflow of thevirtual try-onusingone Kinect to capture images of user and
tracku s er 6s s (eprihte froafll2]) d at a

2.2 Clothes Modelingfor Virtual Try -On

3D clothes modeling isne part othe 3D virtual try-on system. Basically; can
be classified athreetypes manualy modeling automatically2D patterngo 3Dclothes
modelng, and scannebased modeling. However, other methodsagseproposed for

3D clothes modeling, such fk3], whichis an automatic method to create 3D clothes

based on 2D photo input where the body is created from three photo views and then

clothes are extracted in 3D by color segmentation. Howasétwas based ofeature

14



based human clonirtgdhnique accuracy was lower than 3D scanner based method.

For the manudy clothesmodeling, itrequiresa user to use some kinds of 3D
computer grapic software such as Blendd#], 3dsMax [15] or Maya[16] to generate
the 3D clothesMarvelous Designdi. 7] is a typical manually clothes modeling system.
Several2D clothes pa#irns are designed virtuallfhen those patterns are sewed by
using mouse to select corresponding points between twermatifter that2D clothes
patterns are deformed to fitdagital human model and textured to genethe3D
clothes A lot of manual work is required to generate a high qualidyclothesusing
this method

For theautomatially 2D patterrs to3D clothesmodeling, it ismuch similar as the
manual modeling, while the main difference is that 2D clothes patterns are based on
actual imagesand the it is automaticallymodeled into 3D clothedn [12], they
proposed the automatically 3D clothes modeling based on several predefined 2D
patterns. Several information should be included in the 2D pattern, such as geometrical
information, topolgical information, and semantic informatidnthe geometrical part,
2D patterns were defined by 2D contewand triangulated into 2D mesh. In the
topological part, linkages between the contours of patterns were specified by the seams.
While in the semant part, there were some taffg layer id, side id, etc. Several
markers were used to speaifjth which skeleton of the templateodel the 2D patterns
were linked, besides, initial 3position placed on the templateodel for 2D patterns
were recoded The proposed method prevented manuallygosition 2D patterns onto

customized human model, but it still required designers to position those patterns to the

15



template modelAfter the prepositioning step, 2D garments pattewere stitched
together alonghe seams to generate the 3D clothes.

For the scanndrased modeling, it us&® scanner to scan the real clotf@s3D
clothes reconstructigrwhich can provide higher accuracy and more realistic shape
The scannebased modeling method is popular formtan modeling[18], hair
modeling[19] or other familiar objects reconstructiodowever, b the best of our
knowl edge, we h av abod scansdpasen 30aatothes medsliagga r ¢ h
which can be an area that wanhave a contribution to/Ve break scanndrased 3D
clothes modeling into two parts, which are data acquisition and datesgirug.8D
scanner is used to scanedresses mannequin in the data acquisition sitepclothes

are extractedeconstructe@nd resizedh the data processing step

2.3 ClothesResizingfor Virtual Try -On

Fitting a 3D clothes to a 3D human is a crucial part in virtuabtrygystemThe
fitting step directly affects the visualization result. For the automatically 2D patterns to
3D clothes, the clothes was sewed from several deformed 2D patterns. And iigiorma
of the technical details about deforming 2D patterns to the 3D mannequimetere
describedn most paperssuch a$11] [12].

Li et al.[20] proposed a method for fitting a given 3D clothes model onto human
models of various body shapes and poses. It is noted that the fitting is achieved by
deforming the clothes mesh to match shapes of the human models by using several

combinations of following steps: skeletdniven volumetric deformation, garment

16



human shape similarity matching and evaluation, the constraints of garomaan
contact, and garmettuman ease allowan{20]. The implementation of thigpproach
was more complicated than the approach of using Radial Basis Function (RBF) for
deformation

Since fitting a 3D clothes to a humhody is also the problem of resizing 3D model.

We discuss it further in the secti@rb.6

2.4 Data Acquisition

To model 3D objects fromaptured data, the step of data acquisition is required
and the data captured affects the reconstructed rBswically, there are two methods
for capturing depth data: imagpased and 3D scanreased.lt is noted that image
based method can provide highality visualizationresult while 3D scanndyased
responsewith actual 3D depth dat#n the following subsections, we discuss them in

moredetails.

2.4.1 Structured Light

Structuredightis the process of projecting a known pattern of pixels on to a scene
for depth sensing. With the introduction of objects in the scene, those pattptsed
from different views willshow deformedgrojected paerns which allow the vision
system to calculate the range data and surface information of thes¢bjdcinvisible
structured light, such as infrared light and so faghised aghe structured lightwhich

avoids interferingvith other computer visions tasks for which the projected patterns

17



will be confusing[21]. The structured light sensors usually consist of one or more
cameras and one or more light sourf@. A variety of techniques about structured
light have been designéal the past few years. Arelcomparative survey on invisible
structuredipht techniques can be found [#2], while the state of the art in structured
light patterns for surface profilometry can be found2sj.

Valkenburg et al[24] proposed a structured light system consists of one camera
and one projector for accurate 3D measurement. A coded stripe pattern was projected
on the scene and the camera captured its imdgn & corresponding stripe number
and image location could be found for each visible point in the world, which were used
to compute the depth data of the scene.

Scharstein et aJ25] proposed to use the structured light for high accuracy stereo
depth data acquisition. A pair of cameras and one or more light sources that projected
structured light patterns onto the scene were deployed. The usage of the strugttured li
was for making it easier to solve the correspondence problem in stereo vision. A survey
discussedeveral progresses in applying coded structured light to the stereo vision can

be found orf26].

2.4.2 Stereo Vision

Stereo vision is the estimation of 3D information fr@D nearby imagesBy
comparing information about one scene from two different viewpoints, 3D information
can be calculated bgxamination of the relative positions of objects in the two planes

[27]. Some primary problems to be solved in stereo vision are calibration,

18



correspondence, and reconstruc{@8]. Cameraseed to be calibrated fortemining
camera systemos i nternal geometry and ext
between two locations in each camera projected from the gamiein space should
be computedThe displacement of the projected points in each image forms a disparity
map. Based on the known camera geometry, range data can be obtained from the
disparity map.

Stereo vision can be divided into two types based on with/without usdigatof
such as structured light or laser, to probe the scarteve stereo vision andapsive
stereo visiorj29]. The problem of finding stereo correspondence becomes easier with
the introduction of structured light.

A lot of techniques of using s&o vision for range data acquisition have been
researched and developed for decadaslatively detailed survey about stereo vision
can be found ifi28]. Chen et al[29] deployed passive and active stereo vision to detect
the smooth surface of metdhpes.Stereolab$30] released a stereo camera for depth

sensing based on thagsive stereo vision technique.

2.4.3 Multi -view cameras

Multi-view camera visioms the technique that computes a 3D representation given
several images of objects or scg¢B&]. The collection of images usually taken from
known camera viewpnots[32]. Most existing approaches utilized the calibrated camera
viewpoints system to calculate the transformation matrix between each viewpoint, and

basedonthe hot ogr ammetry measur ement, objectsod
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of multi-view reconstruction algorithms have been proposed, but due to lack of suitable
datasets, direct comparisons between those algorithms are quite hard. SejB2gt al.
collected several calibrated meliiew image sets and corresponding ground truth 3D
mesh models. They used those data to evaluate several algorithms based on accuracy
and conpleteness.

Gu et al[33] proposed a 3D reconstruction system for human body modeling based
on six views. And they used two cameras to capture human body imagastiosiew.

A cylindrical object with patterns was used during camera calibration. The 3D human
was generated based on super quadrics model fitting, which waseoisieming step.

Bradley et al][34] proposed to deploy sixteen inexpensive Hgfinition (HD)
consumer cameras for markdess garment capturing and reconstruction. The initial
mesh calculated from sixteen views usually contained holes. Two stepappdied to
generate the final result, which were consistent gpasameterization, compatible-re
meshing and surface completion.

Infinite Reality[35] used 150 DSLR for data capturing. It took instant snapshots
of the scenario to produce extremely accurate 3D model. Detailed technical descriptions
are not available in public.

As the multiview vision usually requires that several feature points caeteeted
on multiple images, in order to generate high quality result, more cameras are required,
which will increase the cost of system. Moreover, without same lighting condition for
each view, the color of concerned objects usually varies with the molingwpoint,

which also makes the feature detection hard.
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2.4.4 Laser Scanner

3D scanner is the device that adopts some kind of measuring techniques to calculate
depth data in order to generate 3D model or scenlani®.usually divided into two
types: contact and nesontact. And for nostontact, it can be further divided into two
main categories: active and pasqise].

Laser scannas thenon-contact active 3D scanndétremits laser to probe the object
and detects the reflectdaser for measuring the depffhe lasercan be visible or
invisible [37], such as infrared laser scanner, and so fowo. main 3D laser scanner
used in practice are the triangulatibased and the Tirpef-Flight.

For the triangulatiofbased 3D laser scanner,dass emitted to touch the object
first. Next, a Charg€oupled Device (CCD) or Position Sensitive Device (PSD) sensor
is used for tracking the laser dafstriangular can be formedakBed on laser emitter,
laser dot and camenahich can be used to estiteahe depth valug38].

For the Tme-of-Flight (ToF) 3D laser scamer, it calculates the deptfased on the
known speed of the light, measuring the Taid-light of the signal between the ToF
sensor and the object in the sc¢B@]. In order to detect the phase shifts between the
illumination and the reflection, the light source is pulsed or modulated by a continuous
wave source, typically a sinusoid or square wighd. The phase shirts between the
illumination and the reflection are measured and translated into the distance between
ToF sensor and the object.

It is noted that triangulatichased 3D scanner can provide quite high accuracy

result, but the depth range is limitdthe ToF 3D scanner is opposi8s].
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2.4.5 Kinect

Kinect[41] is the 3D scanner releasedMicrosoft So far, o versions have been
released: Kinect V1 and Kinect V2. In the followisglsections, we discuss their

technical details respectively.

2.45.1Kinect V1

Kinect V1 wasreleased in 2010. And it received much attention due to its rapid
human pose recognition system developed on top of 3D measur@esides, due to
its in-expensive cost, reliability and speed of the measurement, it becomes the primary
3D measuring devices in indoor robotics, 3D scene reconstruction, and object
recognition[42]. The architecture of Kinect V1 is displayed kigure 2.6 and its
specifications are listed ifable 1.

Kinect V1 has three major components: color sensor, Infrared (IR) emitter and IR
depth sensor. The color sensor provides a 640 x 480 frame at the default frame rate.
However, the resolutiotan be up to 1280 x 1024 at a lower frame rate. Kinect V1 uses
structured light technique for estimating depth data. IR emitter projects the predefined
pattern to probe the object, due to the introduction of the object, the pattern will be
deformed, andhen the Infrared Depth sensor captures the deformed pattern to compare
it with the predefined reference pattern to calculate the depth dlieThe depth
frame is derived from the IR frame, and it is noted that a small offset existed in those
two images. The offset is five pixels in the horizontal direction and four pixels in the

vertical directions, respectivel¢2] [45].
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Figure2.6 Kinect V1(reprinted fronT43])

Table1 Thespecifications for Kinect V1

Kinect V1 Specifications
Color Camera Resolution & Frame Rate 640 x 480 @30fps
Depth Camera Resolution & Frame Rate 640 x 480@30fps
Field of View T ¢ vertical by v X horizontal
Depth Space Range ibefault Mode [0.8~4]meters
Depth Space Range in Near Mode [0.5~3]meters
Skeleton Joints 20
Full Skeleton Tracked 2
USB Standard 2.0
Tilt Motor Yes
Vertical Tilt Range ¢ X

In order to get a good 3D model, high quality depth data are reqireéccuracy
of Kinect depth sensor affects the final result. The properties of the depth sensor,
systembés setup, analc tt shée scuornfdaicte oanr eo fa niohneg o

affect the accuracy of Kinect depth dpté].

2.4.5.2Kinect V2

Kinect for Windows V2[47] was released biicrosoftin July, 2014.And its
structureis displayed irFigure2.7. The specifications of Kinect V2 are listedTiable
2.

Compared with Kinect V1, Kinect V2 equippedvith one much higher resolution

RGB camera up to 1920 x 1080, and the resolution of depth sensing is 512 x 424.
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Different from the two modes for depth range in Kinect V1, one mode is utilized in
Kinect V2, whch extends the reliable depth range to 4.5 meters. Kinect V2 uses ToF
technology for depth sensing, and the principle of ToF has been discussed in section
2.4.4 With higher depth fidelity and a significantly improved noise floor, the depth
sensor has an improved 3D visualization, which is able to detect smaller objects and

improve the stability of body trackir[g7].

Sensor Components

Depth Sa

Figure2.7 Kinect V2 (reprinted fron{48])

Table2 The specifications for Kinect V2

Kinect V2 Specifications
Color Camera Resolution & Frame Rate 1920 x 1080 @30fps
Depth Camera Resolution & Frame Rate 512x 424 @30fps
Field of View @ Tt vertical by x Tt horizontal
Depth Space Range [0.5~4.5]meters
Skeleton Joints 25
Full Skeleton Tracked 6
USB Standard 3.0
Tilt Motor No

In the experimentor the thesiswe use KinecV2 as the main capturing device

since the accuracy of depth data is better, the resolution of RGB image and depth image
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is higher, and the available S[)&9] also makes it easier to construcyatemthat can

be operated inWindows @erating systemMoreover, the cost for each Kinect V2
sensor isnucd lower (hundred dollarcompared wittother 3D scanners, for example
the cost(tens of thousands dollagf the Whole Body Color 3D Scanner from

Cyberware.

2.4 .5.3KinectFusion

KinectFusion[53] is the technique developed Iicrosoft for scanning real
objects or environments to generate corresponding 3D modeénariolt is included
in the Kinect for Windows SDK49]. And it only requires using one Kinect to scan the
object. To generate the 3D model, it registers all valid depth frame into the global
implicit surface modekontinuously using a coar$e-fine interactive closest point
algorithm. It is required to move the Kinect slowly to avoid data missing.

A scene captureith the experimentsing KinectFusion is shown figure2.8.

Figure2.8 A scene captured using KinectFusion

SinceKinectFusioncaptureddepth data and incorporatiésnto the global model,
the dataquantity isusuallyaround millionor higher The model displayed above has

6,585,549 vertices and 2,195,183 faddtough the point clouds is wetdlligned and
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the reconstructed 3D shape is detailed, the texture information of the mesh is usually
incorrect for some regionswhich causes the problem of color flaw: texture from
different views under different illumination conditions are mapped onto the same region

repeatedlyThe color flaw is displayeish Figure2.9.

Figure2.9 KinectFusion color flaw

In the experiment, we use KinectFusion to captieealigned point cloudsr the
given object. And we useoisson Surface Reconstruction algorittimmeconstruct 3D
model out of itso that the data quantity can be decreased while ensures a relatively high

guality model without texture

2.5 Data Processing

The captured data fromakeworld using 3D scanner usually contamwsse or have
some unconcernezbmpaents such as baadkaund objects etc. The rasata captured
using Kinect usually consists of images alepth frames. And based on those data,
point clouds can be obtained. The point clouds are the one of the representation forms

of the 3D model, which consist of several organized or unorganized 3D points
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represented byofuhd . Especally with the advenbf the newlow-cost 3D sensing
device such as Kinect, many efforts in point clouds processing have been proposed and
developedand 3D perception gains more and more importance in robotics as well as
other fields[54]. So based on the captured data, some data processing methods are
required to get theoncernednodel In this thesisour intentionis to generate 3D
clothesand resizéhem so some related and latésthniques about color segmentation,
calibration,3D registration, surface reconstruction, texture mapping and resizing are

discussedhn the following section.

2.5.1 Color Segmentation

In the captured data, eithRIGB images or depth datnvironment objects, objects
of interestsandnoiseareall mixed To extract concerned components out of rdug
data, segmentation technique is required, which can be divided into 2D segmentation
and 3D segmentation. As 2D segrtagion(color segmentation$ far more mature and
much easier to implement than 3D segmentati@discuss the former in the following.
Color segmentation, which also can be called image segmentation, is the process
of partitioning a digital image intmultiple segments so that every pixel in the same
segment shares certain characteristics, such as color, intensity or [lexjubevariety
of approachebave bee proposedver the past few years, anthny survey®r study
analysisare availablesuch a$56] [57] [58] [59].
Lucchese et alj56] divided those techniques for color segmentation thtee

categories: featurspace based, imag®main basednd physics baseBeaturespace
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based methods consider color as a constapeppof the object, and then by mapping
each pixel of the color image into a certain color spdifierent objects in the image
can be represented as different clusters or clouds of pGilstering and histogram
thresholdingnethodswvere considered dsaturespace based techniquiifferent than
featurebased methods, magedomain based methodemphasize on spatial
compactnessSplit-andmerge, region growing, eddgmsedandneuratnetwork based
classification were defined as imagemain based teckhque. For the physics bsed
technique it analyzed the light interaction with colored materials and introduced the
model of physical interaction.

In the papef57] [59] [60], color segmentatiotechniquewas divided into two
broad groups: contodrased approaches and reglmsed approaches. Contdased
approaches usually starts with edge detection, followed by a linking ptoaegdoit
curvilinear continuity, whileegionbased approaches try to find partitions of the image
pixels intodifferentsets corresponding to coherent image properties such as brightness,
color and texturg¢60]. A comprehensive survey for the contemporary trends in color
segmentation technique can be foun{bi).

Belongie et al[61] proposed to theolor- and texturebasedmage segmentation
using ExpectatioAMaximization (EM) algorithm for contenbased image retrieval.
They adopted & b | o b oo imagdrépresentationwhich consistsof dominant
colors, mean textured descriptors, spatial centeoid scatter matrixdue-Saturation
Value color space was used for mapping to the Cartesiardinate, from which the

pixel getsits color descriptoAnd EM algorithm wasused to divide pixalinto several
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groups
An unsupervised color segmentation based on color and texture pegmosed
by Deng et al[62] was broadly used for image and video segmentatitrich was
named as JSE@ consists of two stepsolor quantizaton and spatial segmentation.
In the former step, colors in the image gtantized to several classes, which can be
used to differentiate regions in the image. Then in the latter step, region growing method
is used to segment the image based on the-glalis imageA system implementing
the proposed algorithm is available fesearch purpose and can be founfbj.
In our experiment, we use JSEG which is regiased color segmentation method
for extracting concerned objects frahe images, since some properties such as color,

texture and brightness are considered as the key elements

2.5.2 Camera Calibration

Our initial representation of the 3D objects utilizes point clouds, which consists of
three axis values. Depth value is origathtfrom 3D scanner, while horizontal and
vertical values are calculated based on thehpie camera modeln order to generate
the point clouds and register point clouds with color information, calibration is required.

Calibration is the technique tonfi the transfor@tion between different spaces.

We use multiple Kinect camerasour project.The Kinect has stereo camgravhere
one camera is for images and the other depth camera for 3D. gdgintsfor Kined,
we require two steps calibration, one focusing on intrinsic parameters calibration (so

called as camera calibration) and the otbeusing orextrinsic parameters calibration
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(so called as stereo camera calibrati@gmera calibration emphasizes orilmaltion

for one camera, and from which parameters are calculated to link 2D space with 3D
space. While for stereo camera calibration, extrinsic parameters are computed to find
the transformigon between different cameras.

Zhangos [86¢isthenmdelyuused camera calibration method, which uses
one special pattern consists of several detectable feature points to calculate the
transformation between 2D and 3pace.

Stereo camera calibration is based on the triangulation principle. Several
synchronized images from two cameras are used to calculate the transformation
between two different spaces.

As calibration is usuallya necessary step for 3D reconstructisaveral open
source libraries are available, such as Opef8®, and so forth.

Point clouds with color information can be acquired after implementing cameral

calibration and stereo camera calibration.

2.5.3 3D Registration

Multiple 3D scanners can be used to capture whole views of the object. But since
each view is with respect to the different coordinate space, alignment from multiple
view point clouds is a necesgand crucial step for a high quality 3D model generation.

3D registration is the technique that aligns multgpdent clouds which are with
respect to different coordinate systemesbe one point cloud#terative Closest Point

(ICP) is thewidely usedalgorithm for 3D registration. And two variants have been
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proposed, which are poub-point and pointo-plane.Chen et al[64]& ICP algorithm

is based on thegint-to-point matching typewhile Bergevin et al65] is based on the
pointto-plane matching typdt is noted thathe point-to-plane matching type ually
performs better in practiosompared with the poiftb-point type[66] [67]. Iterative
Closest Point (ICP)roposed by Besl et 468] algorithmis the pointto-plane type and

widely used for aligning multiple viewsvhich calculating the transformation matrix

by finding the closest point in a target point clouds correspond to the point in source
point clouds iterativelyThe iteration is terminate@then the change in meaqguare

error falls below a preset threshold that specifies the desired precision of the registration.
The algorithn68] is describedn thefollowing:

1. Finding the corresponding closest point in the target point clouds given one
point in the source point clouds.

2. Calculating the transformation matrix, which consists of rotation and
translation matrix, usinthe mearsquare error functiobasedon the source
point and the best matching closest target point

3. Applying the transformation matrix to the source point

4. lIterating step 43 until the termination criterion is met.

Zhang[69] proposeda modified KdTree algorithm for calculating closest points

efficiently.

2.5.4 Surface Reconstruction

After the 3D registration, an aligned point clouds set is generated. Since point
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clouss are scattered points, which are sampled points of the real object, surface
reconstruction from scattered points is nee&eniface reconstruction is the technique
thatreconstructs the digital surface, which can be called mesedbon thecanned
and computegoint cloudghat contaira variety of defects, such as ngisatliers,data
missingand misaligned dataA lot of surface reconstruction approaches have been
created for emphasizing on different characteristiush as the abilitytdeal with the
point clouds defects, input data requirements, surface smoothness and reconstruction
output type Among them, Marching Cubes (MCJ0] is probably the most popular
iso-surfacing algorithmg§71].

The MC algorithm was first proposed hgrensen and Clingr0], which is a fast
and reasonably efficient approach for rendering constant densgyiifces that was
originally meant for volumetric datahis algorithm proceeds through the scalar field,
and takes eight neighbor locations at a time to form an imaginary cube. Then it
determines the polygon needed to represent the part of tseirfsoe which passes
through this cube. Finally the individual polygons are fused into the desired surface.
Onedrawback of the MC algorithm is that it suffers from artifacts at sharp angles, which
can cause inconsistence and poor quality in the fg@jltAnother disadvatage is that
the method is not mathematically proven in terms of preserving the mathematical
properties including topological properties of the original obj@8]. A variety of
algorithms built on the original marching cubes method have been designed, and a quite
comprehense survey about those techniques is introducd@4h

Based on the surface smoothness classification mattroduced in75], surface
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reconstruction methods=n be divided into thregpes local smoothness priorglobal
smoothness prioysand piecewise smoothness priarhe characteristics of local
smoothness priors method lies in it ensures the smoothness of the area where point
clouds existed, while for the data missing aitda,poorly reconstructedioving Least
Squares (MLS) methods, Multi-level Partition of Wity (MPU) methods and
Parameterizatioffree Projection methods are all the examples of this typehe
contrast tdhelocal smoothness priors methods, the global smoothness priors methods
ensure the smoothness of entirety, which are more suitable fortrecting watertight
surface from the point clouds with data missiRgdial Basis Function (RBFnethods
Indication Functionrmethodsand Volumetric Segmentatiomethodsare amongthis
type.The piecewise smoothesamethods focusn explicitly recovering sharp features

or boundary components, while ensuring smoothness away from these features, where
smoothness may be prescribed locally or globpibj. After the evaluation of the
availablesurface reconstruction algorithms and the characteristiteegboint clouds
generated in the experimente useglobal smoothness priors methofts surface
reconstruction. In the following, we discusg surface reconstruction methods: Radial
Basis Function and Poisson surface reconstruction. Both of them are global smoothness

priors methods.

2.5.4.1 RBF for Surface Reconstruction

Radial Basis Functiois a realvalue function whose value depends on the distance

from the origin, or alternatively on the distance from some other point called center. It
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has the form
i NnNw B 00w S (2.9)

The reconstruction output &BF is in the implcit filed. A RBFbased surface
reconstruction is introduced in J. C. Carr et [@6]& work. Let oy
represent the scattered point clougsng RBFor surface reconstruction lies in solving
following equation

Qofvin T (2.10)

In which the surface is implicitly represented by the functsigneddistance
function is constructed in order #void the trivial solutionOff-surface points are
generated towards two sides by projecting original points along the surface normals
such that

Qoo mh'Q pB FE(Onsurface points) (2.11)
Qo Q mhHQ & pB h) (Off-surface paints, outside (2.12)
"Qoohohx Q m™Q 0 ptB RO &(Off-surface points, inside) (2.13)

And then the problem lies in finding a functionw to approximate the signed
distance functiofQw . RBFis used tayet all the coefficients insidbe equatior2.9).

A simple greedy algorithm for reducingBRs centers can be divided into four steps
[76], which are described in the following

1. Choosinga sulset from the interpolation pointsohht  and fiting a RBF

to them

2. Evaluatingthe residuat  "Q i cgohx , atdl points.

3. Ifmax s s fitting accuracy then sto®therwise appenthg new centers
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where - is large.

4. Refitting RBF and goto 2.

2.5.4.2 Poisson Surface Reconstruction

Poisson Surface Reconstructipfv] is widely used for surface reconstruction,
which belongs to the global smothness priors method and ues Indicator Function.

It considers all the points at onse that it ishighly resilent to data noise. A 3D

indicator function® (defined at 1 at points inside the model, and 0 at points outside)

is computed from the oriented poinfsad the reconstructed surface is generated by
extracting an appropriate isurface.

Let B be the vedr field defined by the oriented points sampled from the surface
of a model, sahere is a relationship betweeén andd®, which is

Y& n&idy nab (2.14)

It is the standard Poisson problekreconstructed surface can be obtained by
finding thebest leassquares approximate solution to the equation (2.14).

It is noted that the reconstructed model using Poisson surface reconstruction

algorithm is watertightand the global smoothness is adjustable.

2.5.5 Texture Mapping

After the surface recotrsiction, the result is usually tmeesh without any texture
information, which is not vividand realistic Texture mapping is the techniqtieat

applies texture tahe 3D model A texture map is used to contain all the texture
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information, which can be peesented byu andv coordinates. Thusnapping texture
onto mesh is the procedure of finding the correspondiagdv coordinaés given one
vertex of the 3D modelin the following, we discuss one of the texture mapping
techniques

TextureMontag@roposed by Zhou et 4¥8] is thetexture mappingechniquehat
is able toachieve the seamless texture mappMgsh and images are automatically
partitioned by finding the corresponding feature regidrigen most charts will be
parameterized over their corresponding image planes through the minimization of a
distortion metric based on both geometric distortiontartlire mismatch across patch
boundaries and images. Finallyuseda surface texture inpainting techniguofill in

the surface without corresponding texture patches.

2.5.6 Resizing

To fit the reconstructed 3D cl| octehoés t o
resizing is necessariesizing deals with thproblem of deforming a modél.variety
of techniques have been proposaddeforming the mesh over the past few years.
Igarashiet al. [79] proposed the asgid-aspossible shape manipulation. The
method enables user to move and deform a 2D shape without manually establishing a

skeleton or FFD domain beforehand. The 2D shapepiesented by a triangle mesh

and several vertices of the mesh can be chosen as the constrained handles by the user.

By minimizing the distortion of each triangle, the system calculates the new positions

of the remaining free vertic¢g9].
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Li and Lu [80] proposed a method for customizing the 3D garment based on
volumetric deformation. The proposed approach can transfer the clothes initially
dressed on one reference human model onto a targeirhmodel. Three steps were
implemented in order to achieve this goal: (i) a spatial mapping between the two human
models is established by using Laplacian deformation method with-sgosens as
shape constrains(ii) the space around the clothes reference human model is
tetrahedralized into five tetrahedral mesh@g using constrained volumetric graph
Laplacian deformatioto fit the reference human model onto the target human model.
The updated clothes modatan be decoded from the deformed tetrahedral meshes and
fitted onto the target human model fingJ80].

In the following, we generally descritteyo main deformton techniques: Free
Form Deformation (FFD) and Radial Basis Function (RBF). Both are ceuuints
basedand widely used in the shape deformatiind we use RBF for resizing since it

is able to deform a much more detailed 3D model compared with FFD.

2.5.6.1 Free Form Deformation

Freeform deformation (FFD)81] for deformation is by warping the surrounding
space. A source model is encapsulated in a cubic controllablealtied lattice, which
consists of 3D grid of control pointsloving the control points will deform the lattice,
which also deforms the model inside the cubic.

The FFD method suffers from high computational cost, which is resulted from the

computation ofnew point position, aliasing artifacts and imposing t@nst on the
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shape of latticeBesidesFFD is not suitable fodetailed 3D model deformation. Other
variants of FFD are designed to improve the FFD, such as the ExtenddeéoFree

Deformation[82], and Dirichlet Free Form Deformati¢®3].

2.5.6.2 RBF for Deformation

The RBF deformation is based two data ses which are contrgboints and target
points. Control points are usually selected from the surface ottmeernednodel,
while the target points are on the target model. Any dcgvhent of the control points
can be used for RBifretwork training and calculating the weigFhen all the pointsf
the concerned modale under the transformationtbe same RBBEo that a defoned
model can be obtainedlhe technical details of RBF hagsdn discussed in section
2541

The choice of control points and corresponding target points affects the final result.
A bad selection of control points or incorrect selection for the target maingsroduce
an unexpectkand wrong deformed result. More features points should be included in
the control points in order to generate a better result.

Two of the advantages of RBF for deformation are: (1) ensuring global smoothness
(2) low memory consumption which only requicestrol points, Radial Basis Function
and weight to represent the model.

RBF is widely useé for deformation, such as for facefdrmation[84] or other

complex model$85].
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Chapter 3. Methodology

In this chapter, thproposed approach for 3D clothes modehngl customization
is introduced in detail.
Two scans of amannequin are processed, one naked and the other with clothes, and
a tightclothes user is also scanned. Clothes are extracted using color segmentation and
the difference between naked mannequin and a user is used to calculate for extracting
resizing parmeters. Then the clothes from mannequin is transformed and resized to fit
to the user.
We usedKinectFusion which is the technique that uses one Kinect to Huareal
world to get the 3D modealr scenaripto scan the naked manneqaimdauser dressed
in tight clothes to get theirespective wetaligned point clouds.Then we applied
Poisson surfaceeconstruction to théwo point clouds to obtaitheir 3D modesk,
respectively Next, four Kinects were used to captur@ @’nviews of the naked
mannequit 0 gener at e f o uTheniteraive €l6seqt Point(ICP)was o u d s
utilized to align f owel-alighedpomtcloudpodbthemakedc | ou d s
mannequinBased on the fottime usages of ICP, the space relation between every two
Kinects could be known, which could be used to align multi@es of the clothes
Four Kinects were also wutilized to captur
mannequinClot hes wer e extracted from the mannegq
aligned basedrothe relation calculated previousBoisson surface reconstruction was
used to reconstruct theitial 3D clothes meskrom the aligned point clouddnd then

we appliedthe proposednesh modificatioomethodand texture mappingchniqueto
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it to obtain the welreconstructed and textured 3D clothésxt, Radial Basis Function

(RBF) was implemented to deform the 3D model of the naked mannedhéaveéahe

user 06s bBaskgonthdsamedRBF, 3Dttles wereresized andfittech e user 6s
body. Finally, we applied the proposed surface correction approach to the resized

clothes topull several penetrated triangular faces out of the body.

3.1 Hardware Setting and Calibration

Our intentionis to design a 3D virtual trgn system that isased on real captured
data andhlso3D scannebasedThis thesis is part of the whole system, which focuses
on the 3D clothes modeling from real captured clothes data ataisttsmizationWe
usal one actual male mannequinpot on selected clothdsr capturing clothes data
It had some benefitsompared with capturing real dressed humsuch as that
mannequin could stand still while data capturing so that bettecdaka be captured,
fewer people involved in the data acquisition stage etc.

We usel the newly released Kinedbor Windows V2as the capturing device since
it has several advantages, such as -owst price up to $199.00[50], acceptable
accuracyof depth data, available High Definition (HIRGB sensotand powerful
Software Development Kit (SDKgtc Other 3D scanners liké/hole Body Color 3D
Scannefrom Cyberwarehas better accura®f depth datédut the price is muchigher
up to $240,00052].

The Kinect for Windows V2as three main components, which are RGB sensor,

Time-of-Flight (ToF)depth sensor and microphone arrays. The horizontal field of view
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(FOV) of depth sensor ig Tt degrees, while the vertical FOV@stt To capturec @’mnt
views of the clothesnultiple Kinectscould beused

The KinectFusiorn53] is the technique that useee Kinect to scan the real world
for the 3D model or scenario generatiofhe original model generated using
KinectFusion usually has several drawbacks, such gs Hata quantity, much noise
andmis-registereccolor information etcHowever, since it is able to register observed
valid depth frame to the global model continuously and the distance betviresrt K
and object can be close, ttvell-aligned point cloudandquite detailed shapean be
acquired.

Weproposed to use four Kinects to capture
Kinect gotonly one snapshot of the scenario, the data quantity was much smaller. And
only four views®d teexmappedentoithe B modsdhclothegs n woul d
which made it easier famplementing texture mappinghe noise was also much less
and easier to remove.

The comparison between using KinectFusion and Four Kinects for 3D model
generation is listed imable3.

Combiningthe advantages of using KinectFusion with using Four Kinects for 3D
model gaeration, we used the KinectFusitmcapture aligned point cloudsf the
naked mannequin and the alignpdint clouds ofthe user. Andfor clothes data
capturingfour Kinectswere usedBesides, to achieve a high 3D registration result from
multiple point clouds of clothes, we used four Kinects to capture four viewseof
naked mannequin and aligned each view with the-alglhed point clouds of the naked
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mannequin generated using KinectFusion to calculate the relation between every two
Kinects.
The capturing environment setting and the calibrafor each Kinect sesor are

introduced irthefollowing sectiors.

Table3 Comparison betweeRinectFusion androur Kinectsor 3D model generation

Method Texture Noise Point Detailed
Information Data Model
Quantity
KinectFusion | Bad, not easy to d¢ Too muchnoiseinside | Million or Much
texture mapping model, not easy to higher detailed
remove
Four Kinects | Good, much easie| Little noise, easy to Around | Smoother
to do texture remove tento not quite
mapping hundred | detailed
thousand

3.1.1 Multiple Kinects Setup

The depth range of Kinect for Windows MBat ensures high quality operatiisn
within [0.5~4.5] metersThe male mannequin has a height &5lmeterschest of 101
meters waist 0f0.81 metersand hips 00.91 metersAnd it was supported by a chrome
basedIn order to capture whole bodwtaof the mannequin, the distance between each
Kinect and the mannequin was set tb@neters Besides, each Kinect was supported
by the tripod, and the height of Kinect was set.&bineters.

The size of the room we used for data captuisr@m x 5m. The mannequinvas
placedat the center of the rognand kept still duringdata capturingNo special
background was used. Two extra filament lightbulbs were added to illuminate the
environment.The placement of dur Kinects and capturing objectare displayedin

Figure 3.1(Since it is difficult to take a normal image toisplay the capturing
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environmendue tothe limitation of space, a panorama image is used instead)

Figure3.1 Capturingenvironment settingr he four Kinects are right angie each other even
though the panoramic picture does not show it due to the deformed space of panoramic views.

3.1.2 Camera Calibration

Kinect has two sensors: RGnsoranddepth sensof-romthem, threekinds of
images can be generated: RGB imatgpth imageand Infrared imageDepth image
and Infrared image are generated frita same sensoEach pixel value of a depth
image is equal to depth data.order to relate the2image with 3D world, we nedd
do camera calibration for each sensor.

In the cameraalibration filed,Zhang §86] methodis used widelylt requires a
simple pattern which has several feature points to be detected to calculate the intrinsic
parametes. And it is easy to implemenA checkerboaradonsistsof 12 x 20 squares
was used as the pattern to do camera calibratidhe experimentThe size of each
square i8nmm x 28 mm.

By placing the checkerboardtaedifferent position and orientation that should be
visible to both sensor25 checkerboard imagesere capturedrespectivelySince it
was difficulttouséd h e ¢ h e c kegth ilhageato db @asnerd calibration, we used

the Infrared image insteadAnd in order toregister point clouds with the color
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information,stereo cabration between RGB sensor argpth sensowas implemented
Capturing of the RGB image and Infrared image were synchronized.
The resolution of colomnage is 1920 x 1080, while theflared image is 512 x

424.The capturedRGB image and Infrared image atisplayedn Figure3.2.

(a)
Figure3.2 Captured checkerboard imageswo Kinect builtin cameraga) RGB camera
image(b) Infraredcameramage The checkerboard image is used for calibration.

Camera calibration was implemented to calculate the intrinsic parameters, which
consists ohorizontal focal length, vertical focal length, horizontal principal point and
vertical princpal point.We used th&unctioncalibrateCameranside the OpenCY88]
to calculate the intrinsic parametefr$ie obtainedintrinsic parameters for each Kinect

sensor aréistedin Table4 andTable5, respectively.

Table4 Intrinsic Parameters dfinect RGB Sensor

Intrinsic Parameters of RGB Sensor in pixels

Sensor

fx_RGB fy_RGB OX_RGB Oy_RGB
Kinect 1 1073.42712 1068.65364 940.55748 531.24323
Kinect2 1060.82164 1058.11634 1015.60097 534.45790
Kinect 3 1080.00537 1076.44882 928.65347 548.47715
Kinect4 1123.59558 1118.93570 913.59859 540.25560

Table5 Intrinsic Parameters dfinect Infrared Sensor

Intrinsic Parameters of Infrar&ensor in pixels

Sensor
fx_IR fy_IR Ox_IR Oy_IR
Kinect1 371.21951 369.969945 246.14200 199.23853
Kinect2 365.39024 364.14578 268.24005 211.22079
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Kinect3 374.46472 373.23883 250.24772 198.72218
Kinect4 386.51720 385.42395 248.92427 198.33406

3.1.3 Stereo Calibration

OpenCV [89] function stereoCalibrate was implementedto do the stereo
calibration, from which the dep#ensor space can be linkedhe RGB sensor space
by the homogeneous transformation matrix, which consisted of a normalized 3 x 3
rotation matrix and a 3 X translation matrix

Registering a point out gfoint clouds with coloinformation lies in threesteps,
which are:(1) projectingone pixel in the 2D depth image into a 3D point in the 3D
depth space using the intrinsic parameterthefdepth sensor(2) projecting the 3D
point with respect tthe3D depth space to a 3D point with respe¢h&B8D RGB space
using the extrinsic parameters betwdba depth sensor anthe RGB sensar(3)
projecting the 3D point with respect tioe 3D RGB space to a pixel itthe 2D color
imageusing the intrinsic parameterstbe RGB sensor

Let w and w represents thpixel coordinate of color and depth imagend the
depthvalue for a given pixel is representdry Q Q fahw , then from the intrinsic

parameters ahelnfrared sensor, we hay@7]

) (3.1)
& - i (3.2)
O QQahw (3.3)

From (3.1)(3.3), a depth image is projected3d space Thecoordinates are

represented by o hd
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From stereo calibratiomnerotation matrix{4 andonetranslation matrixq| can
be obtainedwhich are used to link Infrared sensor space & hy hd  with the

RGB sensorspade & Ry hd

0 ® b 4 0 A (3.4)
0 —— O (3.5)
0w ———— 0 (3.6)

From equationg3.5) and (3.6), a 3D point with respectth@® 3D RGB spacés
projected tahe2D image, fromwhich the poinget itscorrespondingolor information.

Theextrinsic parameters for each Kinect sensor are liatédble®6.

Table6 Extrinsic Parameters of pairs ikinect RGB and Infrared Sensor

Extrinsic Parameters of pair of RGB and Infrared Sensor

Pairs Rotation MatrixR Translation MatriXT (mm)
1 & 1.0000, -0.0016, -0.0021g & 51.2367p
g 0.0016, 1.0000,-0.0026,3 g 0.03433
& 0.0021, 0.0026, 1.0000 y & -2.3366y
2 & 1.0000, 0.0035, -0.0074 & 50.4508g
g -0.0035, 1.oooo,-o.oo183 g -0.38253
& 0.0074, 0.0018, 1.0000 g & 28473
3 & 1.0000, -0.0007, 0.0070g & 51.5690p
g 0.0008, 1.0000,-0.00203 g 0.8662,3
& -0.0070, 0.0020, 1.0000y & -2.2158)
4 & 1.0000, 0.0012, 0.0075g & 51.0942%
e u e u
& -0.0013, 1.0000, 0.0041; & 0.0520,
& -0.0075,-0.0041, 1.000Q & -0.7606y

3.2 Clothes Extraction

After the capturing environment setting and calibration for each Kjneet
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capturedourviewsd doatheadressed mannequising four KinectsFor each view,

the originaldataconsists obnecolor image an@nedepth imagelnstead of dressing

the mannequin with a single piece of clothing at a time, we dress the mannequin with
one shirt and one troesthat have different color to save the data capturing flime.
model 3D clothes from the captured dagxtracting clothes out of the dressed
mannequins required. And sice no pecial background wassed in thexperimentit

was not suitable to usbackgroud subtractionto extract clothes out of the dressed
mannequininstead, m order to reduce the complexity thfe clothes extractioriyvo

steps ar@roposed(1) extracting dressemannequirout ofthe commonbackground;

(2) extracting clothesut of the dressed mannequin aseparating intane shirt and

onetrouser.
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(d) (e)
Figure3.3 (a) The Kinect keletonof the mannequin in front vietwy using Kinect Body
TrackingFunction (b) RGB image output ofhe front view Kinect. (cThedressed
mannequirextracted from the front view outphy using Kinect Body TackingFunction (d)
RGB image output ofhe back iew Kinect. (e)Thedressed mannequéxtracted from the
back view outpuby using Kinect Body TackingFunction

Kinect for Windows SDK provides function for body tracking, which is based on
the tracked skeleton. The function was used to extract dressmaequin out of the
background in front and back view since it was able to track full skeleton of the
mannequin in those two views. A full Kinect for Windows V2 skeleton consists of 25
joints. A Kinect skeleton captured from front view of the dressed mannequin is
displayed inFigure3.3 (a). The front and back view after using Kinect Bodgcking
are displayed ifrigure3.3 (b) and (c), respectively.

However for left and right viewthe KinectBody Trackingis usually not working
sincefull skeleton of the mannequin aawt be obtained. Butirsce the mannequin is
the foreground object, which has smaller depth value than the backgrounddspéct,
thresholding can be used to extract the dressed mannequin out of the background
roughly. We utilized depth thresholding to extract the dressed mannequin out of the

background in left and right viewhe result is displayed iRrigure3.4.

48



(d)
Figure3.4 Dressed mannequin extraction in left and rightw (a) RGB image output ahe
left view Kinect (b) The dressethannequirextracted from the left view output logging
depth thresholding. J®RGB image output of the right view Kinect. (&he dressed

mannequirextracted from the right view output kging depth thresholding

3.2.1 Color Segmentation

After extractinghedressed mannequin out of the background, we needed to extract
clothes oubf the dessed mannequin and separatetd one shirt and one trouser. We
used color segmentation technique to solve this problem since it is much easier to do
2D segmentation compared with 3D segmentatimior segmentatiors the technique
to partition onedigital image into several homogeneaegions Several metha of
color segmentatiohave been designed over the past few y&desused one of them
called JSEG[62] since the systeni63] is available for research purpose and its
performance is good\Ve used the default setting for some parameters, such as color
guantization threshold, number of scales and region merge tldestm The

segnented result is displayed kigure3.5.
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After segmentation, every region is linked with a lalaeld every pixel has the
same label fall into the same region. By finding the corresponding label value $elong
to the shirt and theduser, one shirt label set and one trouser label set can be obtained
Using the two sets, one shirt image and one trouser image were generated. The result is
displayedn Figure3.6 andFigure3.7.

As you can see inFigure 3.8, the segmented result contains some noise. W
manually select those regions arthovedhem The new result is displayed gure

3.9 andFigure3.10.

(b)




(©)

(d)
Figure3.5 Four viewsof the dressed mannequfter applying the JSEG algorithif&) front
view (b) left view (c) back view (d) right view

L

Figure3.6 Four viewsof the extractedhirt after applying the JSEG algorithifinont view -
left view - back view- right view (from left to right).

Nyntg

Figure3.7 Four viewsof the extractedrouserafter applying the JSEG algorithiinont view-
left view - back view- right view (from left to right).

Figure3.8 Front view ofthe extractedshirt and zoonof it. It shows some artifacts netie
armpit area.
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L I

Figure3.9 Four views othe extractedshirt after manually removingeveralartifacts front
view - left view - back view- right view (from left to right).

Ninj

Figure3.10 Four views othe extractedrouserafter manually removingeveralartifacts
front view - left view - back view- right view (from left to right).

3.2.2 Region Filling

Due the block of left and right hands,blank regiondata missing regionyas
generated ireft and right viewWe usel our proposedegion filling technique based
on neighborhood value ftill in the area A 31 x 31 neighborhoothat has a quite
smooth transition of color valueras manually selectedfirst. Then we manually
selected the data missing regiéior every pixel of the data missing area, it obtained
the color value fronthe selected neighborhood randorllye result is shown iRigure

3.11andFigure3.12

@ (b)

Figure3.11(a) Left view ofthe extractedshirt beforeand afteregionfilling (b) Right view
of theextractedshirt beforeand after region filling
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(@) (b)

Figure3.12 (a) Left view ofthe extractedrouser beforand afteregion filling (b) Right view
of theextractedrouser beforand afteregion filling.

3.3 3D Registration of Kinect Depth Data

We have five 3D data, four from four views Kinect (four views of clothes data
and four views of a naked mannequin) and one from Kinect Fusion (a naked mannequin)
and we need to register them in one space.

Basedn the four types of datét) foursegmented images of cloth@3four viewsd
depth datg3) intrinsic parametersf each Kinect RGB sensor anépih sensor (4)
extrinsic parametes between RGB sensor aneépmth sensorwe could generate four
views point clouds registered with colarformation But snce the fourviews point
clouds were with respect todifferent coordinate systes) we used3D registration
technique ICH68] to align themto create thes @ rpoint clouds The performance of
ICP is related to the overlapping scale betw®enpoint clouds. Since the four view
point clouds had small overlapping regions, we proposed a new approach to align
multiple views of clothes, which was KinectFusibased.

KinectFusion[53] is thetechnique that uses only one Kinect to scan real world to

get the 3D model or scenario. And it utilizes ICP to continuously register valid depth
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frame to the global modelvhich will generate a quite high quality waligned point
clouds.

Our proposed appach to do 3D registration for clothes lied in four steps: (1) using
KinectFusion to scan the naked mannequin to get thealgiied point clouds (2)
using four Kinects to capture four views of the naked mannequin (3) aligning each view
of the naked mareguin with theKinectFusionclouds to obtairthe relation between
every two Kinects (4) aligning four view point clouds of clothes using the relation
calculated in (3).

One 3D model of the naked mannequin is displayeeigare 3.13 (a). And the

alignment result from four views of the naked mannequin is displayEdjime 3.13

(b).

s

(a) (b)
Figure3.13(a) The 3D model of the naked manneghijnusingKinectFusion(b) A result of
alignments of four sets of point clouds of the nakeohnequin from four viewinects.

Then the transformation matrix for aligning each view to the naked mannequin

model is listed inTable 7. The transformation matrix consists of one rotation matrix
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and one translation matrix.

Based on theametransformation matrixwe aligred four views point clouds of
shirt and trouseThenwe manually removed much noise in the aligned point clouds
using one open source 3D model processing software named MdSblLakhe result

is displayed irFigure3.14.
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Table7 Transformation Matrixbetween one view Kinect to a KinectFusion data which is
eventually usefor aligningfour views point clouds

External Parameters

Kinect Transformation Matrixo KinectFusion data
1 e 0.804483,-0.154376, -0.573563, 0. 9863092;
e -0.25353,-0.962498, - 0.096545, 0. 26329%
@0.537149, 0.223084, -0.813452, 0.933585U
£,0,0,1 i
2 @().60882& 0.1954290.768855;2.03587 g
&0.0148175,0.971814;0.2352840.66272%,

€0.7931650.131854;0.5945610.192963 U

(S u
&0,0,0,1 G

3 &0.819815;0.2052710.534572;1.6118 g
E,‘o 220008-0.974799-0.03691310. 219684H
eo 5286770.0873479).844317-2.75818 u

,0,0,1 i

4 &0.493953,0.167082;0.8532841.48973 g
€ 0.0492965,0.9744030.219335,0.365104
90 868090.1504050.473073,2.21439 U
$,0,0,1 i

(a) (b)
Figure3.14 (a) The point clouds of thehirtbefore and fer manually removing sonautliers
(b) The point clouds of the#ouserbefore andafter manually removing sonmaitliers.
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3.4 Surface Reconstructionof Clothes

3.4.1 Poisson Surface Reconstruction

Based on the aligned point clouds of clothes, we used surface reconstruction
technique to create 3D mesh ofithem.Thealigned shirt antrouser point cloudsad
several defectsuch aseverabutliers anddata missingtc The data mising regions

are displayed ifrigure3.15.

(a) (b)
Figure3.15Multiple Kinect point clouds got registered in one spéagMissing points
shown in the lsirt point clouds (bMissing points shown in theduser point clouds

Poisson surfaceeconstruction[77] was used in the experiment for $ace
reconstructiorout of point cloudssince its performances for dealing with data missing
and outliers are goo®esidesthe implementation of the algthhrm is not hard Four
kinds ofparameters are useddetermine the reconstruct mod@ictree Depth, Solver
Divide, Samples per Node and Surface offsetting. We set last three parameters as default
values, which are @or Solver Divide, 1 for Samples perode and 1 for Surface

offsetting. The Octree Depth value has an impact on the smoothness of surface. A too

57



small value usually leads to the too smooth mddfelset the Octree Depth Value to be

8 to reconstruct a high quality 3D mesh. The result is displayEayure3.16.

(b)
Figure3.16 Suface meshes created from paifduds using Poisson Surfaced®nstruction.
It produces the watgght surface, which requires pgstocessing(a) Reconstructed shirt
mesh (b) Reconstructed trouser mesh

3.4.2 Mesh Postprocessing

The moel reconstructed using Poisson surfasmnstruction is watertight, which

makes the reconstructed shirt and trogsstedifferent fromthereal clothesAs shown
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in Figure3.17, in the captured images of clothes, regions (A, B, C, D, E, F, and G) are
all open, but the corresponding regions (a, b, c, d, e, f, and g) in the reconstructed mesh

are all closed.

F G

(b)
Figure3.17 Comparison betweeie captured clothes images atiie reconstructedlothes
modelfrom Poisson 8rface Reconstruction: (aphirt (b) Trouser.

Several steps are required to process the watertight 3D model of clothe&cto
the clothes region in the imadeur proposed approach was divided into six steps:

1. Using KdTree to do roughtexture mappindor the clothes
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2. Selecting severgloints on the mesh manuabiynd the point selections are in
order
3. Deleting triangulafaces along thpaths formed from thselectedoints.
4. Removingotherunconcerned components.
5. Finding the boundary edgef the mesh left
6. Creating several triangular faces to link boundary edges and the selected points.
It is quite difficultto accurately remove regions not belong to clothes if the model
is without ary texture information. Poisson Surfaced®nstruction method is not able
to transfer the color information of the aligned point clouds to the reconstructed model.
And the relation between the reconstructed model and each view weSithast.Kd
Tree isthe structure that can be used for mudimensional searching, we used it to
calculate the relation between the reconstructedeimand four views point clouds.
And based on the calculated relation, we applied color information from the point
clouds to the reconstructed model. The method is intred in the followingand he
result is displayed ifigure3.18:
1. For currentvertex in the reconsicted model, using kdree to find its nearest
point from the four views point clouds and calculating the nearest distance
2. Comparingthe nearest distance with a preset threshold. If it is less, then
applying the color information from the mesponding view to the vertex
Otherwise, none of color information will mapped on the vertex
3. Repeating step 1 and antil all vertices of the monstructed model are
processed.
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Based on the rougkxture mapping for the model of clothes, we manually selected
several points to define the region that would be deleted. 247 points and 162 points
were selected on the shirt model and trouser modgiecésely. And the result is
displayed inFigure 3.19. The selected points for shirt model and trouser model were

put into four sets and three sets, respectively.

(a) (b)
Figure3.18 Applying roughly texture mapping to the clothes mesh based efré&eat (a)
Shirt mesh withtexture information(b) Trouser mesh witkexture information

(b)
Figure3.19 (a) Selectindour sets opointson theshirt mesho define four boundaries of the
shirt (b) Selectingthree sets gbointson thetrouser meslko define three boundaries of the
trouser

Our proposed approach for deleting triangular faces alanpgaths formed from
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theselected points came divided into three stepsdtheresult is displayed ifrigure
3.20:
1. For every triangular face of the clothes model, calculating its centroid
2. For each selected points set, creating several lines to link every two neighbor
pointsso that one boundary definbg this set is formed. And for every line,
calculating its center point
3. For every centroid, calculating its distance to all center points. If it is less than

a preset threshold, theleleting this triangular face.

(a) (b)
Figure3.20(a) Removingseverakhirt triangular facebased orthe selectedbur sets of
points(b) Removingseveralrouser triangular facdsased orhe selectethreesets ofpoints

After deleting several triangular faces along pahs formed from theelected
points, the shirt mesh was divided into five separated compomathtde trousenesh
was divided into four separated componefRty each component, it was connected
inside. We used MeshLab to delete those unconcerned compdesities, in order
to have the much smooth boundary edges, we manually deleted several triangular faces
that were constructed from three edge vertiéesl the result is displayed iRigure
3.2L
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Then we searched the boundary edges of the mesh left so that the repair could be
possible. The difference laten one edge vertex and inside vertex is displayed in

Figure3.22.

(b)
Figure3.21 (a) Removingsomecomponents not belong the shirt mesh (b) Removingpme
comporents not belong tthetrousemesh

y | o0
‘_*‘; ' A

* oo

(a) (b)

Figure3.22 Comparison between the edge vertex and the inside vémdxdge vertex
shown in blue color is surrounded by several triangular fli@@s<annot form a closed path
(b) Inside vertexshown in blue color isurrounded by several triangular faces that can form a
closed path.

As youcan see fronrigure3.22 (a), for the blue edge vertex, three triangulaefa
are constructed from it. And they cannot from a closed. pédlwvever, for the inside

vertex, all triangular faces constructed frormanform a closed patfOur approach for
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finding boundary edge wdmased on this idea and it da@ divided into three stepsid
the boundary edges are displayedrigure3.23.
1. For current vertex, finding all triangular faces constructed from it
2. Based on the connectivity of the found faces, determining if current vertex is
edge vertex or inside vertex

3. Repeating steft and 2until all vertices are processed.

(a) (b)
Figure3.23 (a) Four boundaries of thghirt mesh shown in green col@) Three boundaries
of the trouser mesh shown in green color.

The boundary vertices for shirt and trouser were put into four and three sets,
respectively.Then a proposed sorting algorithm was applied to each set so that the
boundary vertices in each set were in order.ro@osed approach cae divided into
four deps:

1. Choosing atarting edge vertex.

2. For current chosen vertex, finding all triangular faces constructed from it, and

finding two other edge verticdsom those faces

3. Determining if the other two edge vertices have been sorted or not. Three cases
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occur:first case, two vertices have not been sorted, then choosing one of them
as the next sorting one; second case, only one vertex have not been sorted, then
choosing it to the nexdorting one; third case, two vertices have been sorted,
then sorting for theet is done.

4. Repeating step 2 and 3

The selected points and boundary edges are displayeidure 3.24 and Figure

3.25with respect to shirt and trouser

N S v
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Figure3.24 Theselectedfour sets of pints(in blue) andthe four boundarleém green)of the

shirt mesh.

Figure3.25The ®lectedhree sets ofqints {n blue) andthe three boundari€s green) of
the rousemesh.

After sorting each set, several triangular faces that linked boundary edged with
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selected points were created and attached to the mesh left. The proposed approach for
adding new triangular faces introduced in the following: Let & hd 8 R
represets the one set of the selected points, &nd GO B K  represents the
corresponding set of the boundary edgssiallyl | .
1. Forw, finding onenearest boundarpoint from" and applying its value
to'Q , a new triangular face formed by, Q and & s created.
2. Repeating step 1 unél | .
3. ForQ andQ |, findingtheirindex in', | e Q& s0f>s a y& . Several
new triangular faces are formed bphdd ©&¢ @ (O pBE p.
4. Repeatingtep 3 untiE 1 .

Theresult is shown ifrigure3.26.

a) (b)
Figure3.26 (a) The shirt neshafter mesh pogprocessingb) The rousermeshafter mesh
postprocessing.

3.5 Texture Mapping of Clothes

After the surface reconstructicend mesh modification, we obtaindlte mesh
without texture information. Wshouldapply texture mapping technique to get the

more realistic shirt and trouser. In order to remove the effediffefentillumination
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condition for each vieywe usd Adobe Photoshop to adjust the exposure difference
and color balance between those imag@len we integrate 4 views images intmne

image to be the texture maphich isshownin Figure3.27.

T \n

(a) (b)
Figure3.27 (a) The shirt texture map (b) Thetiser texture map

We segmerd the mesh into foyvartswith respect to each vieeveral points
were manually selected on the mesh to define the intersection between every two views.
243 points wereselected onhte shirt mesh and 271 points wesdected on the trouser
mesh.Then we applied the algorithm wk#or deleting triangular faces along selected
points to the clothes mesh. The algorithm beaen introduced in sectidh4.2 The
result is displayed ifigure3.28, Figure3.29, Figure3.30 andFigure3.31.

Shirtand trousewere segmented into four partéienfor every partwe projected
it from 3D space to 2D space to get its corresponding texture informakiendea has

been introduced irestion3.1.3 The result is displayed igure3.32 andFigure3.33.

(@) (b) (€)
Figure3.28 Shirt segmentation: (a) Selecting eigkts ofpointson the shirt mes(b) Several
parts after applying the 3D segmentatmethod(c) Eight stripsformed from the eight sets of
points.
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(a) (b) (©) (d)
Figure3.29 Four main parts of shirt mestfter integrating eight strips to the corresponding
views: (a) front part (b) left part (c) back part (d) right part

(a) (b) (©)
Figure3.30 Trouser segmentatiofa) Selecting five sets qfointson the trouser meg)
Several parts after applying the 3D segmentation met)ddve stripsformed from the five
sets of points.

(@) (b) (©) (d)
Figure3.31 Four main parts ahetrouser meshafter integrating five strips to the
corresponding viewga) front part (b) left part (c) back part (d) right part
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Figure3.32 The 3D texturedmodel of theshirt.

Figure3.33 The 3D texturedmodel of therouser

3.6 Resizingof Clothes

We uses KinectFusion to scan one user dressed in tight clotbletaiothe point
clouds. Then applying Poisson surface recor
one 3D model without any texture information. The male user dressed in tight trouser

and his correspondir@P model from KinectFusion are displayedrigure3.34.

(@) (b)
Figure3.34 (a) One user dressed ihetight clothegb) his 3D model from KinectFusion
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We used Radial Basis Function (RBF) for clothes customization. And the approach
to resize the 3B body se ¢tae Be divided ihto tivo stepse (1)06
deforming the nalke mannequin to have the similar body shape of user using RBF (2)
resizing the 3D clothes to fit the usero6s |
Using RBF for resizing requires two data groupsitca points and target points.
Several control points should el ect ed on the naked mann:«
corresponding target points should be sel e
Both 3D model of naked mannequin and user were reconstructed under two steps:
(1) using KinectFusion to scan the body to get corresponding goimds (2) using
Poisson surface reconstruction to create mesh out of the point clboels. we
manually removed headeck,hands, feet of the naked mannequin and user since those
parts were not related to the clothes customizalitwe. resultis displayel in Figure
3.35.
We aligredthe nakednannequin with the s e r 6 susing iCBse thathey were
in the same spacé&he aligned rsult is displayed ifrigure3.36.
Then we used mouse to manually select control points on the naked mannequin
and corresponding target points on tlseaur 6 s 3 2D0 puiotsl veete .selected on
the two models, respectively. Our selections of control points and target points are
displayed inFigure3.37 andFigure3.38.
Usually, the selection of control points or target points shoulfédre points.
But since it is difficult to find feature points on the body, our selection of points were

to cover most parts of the body.
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After selecting control points and target points, the naked mannequin can be
deformed to have the similar shapeuwos er 6 s body. TheFguesul t i s
3.39.

Then based on the same deformation functions, shirt and trouser can be resized to

fit the userés body Bgue30Mb)The result is di:

—n

(b)
Figure3.35(a) Left to Right: The aw 3D model of thenakedmannequin using KinectFusion;
Applying Poisson SurfacedRonstructioralgorithm to the point clouds of the naked
mannequin from KinectFusio®emovingseveral parts of the 3D model of the naked

mannequin, such deead, neck, handandfeet.(b)Lef t t o Ri ght: The wuser ds
usingKinectFusion; ApplyingPoisson 8rface R const ructi on al gorithm to
clouds from KinectFusiorRemovings ever al parts of thead,user 6s 3L

neck, handsandfeet.
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Figure3.36 The alignment result of two 3D human models using ICP. One is the naked
mannequinandthe other is the user.

As showrin Figure3.40 (b), some vertices penetrating into the body, our approach

to surface correction thaups points outsié of the body is described in the following

1. For evernyody facegcalculatingits centoid.

2. For ever vertex in clothes, using Kidee to find its nearest centroid, and
computing the corresponding face normal (all face normals of the body are
pointing outside).Then ceating a vectopointing fromthe centroidto the
vertex. Calculating thdot product between the vector and the normal. If the
result is less than 0, current vertexdsfined as the penetrated vertewe
projectedit along the vector and set a distance value to the body so the new
vertex coordinate was generated

The result is displayed irigure3.40 (c).
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Figure3.37 Selectingwo hundredoints on the nakechannequiras the control points for
applying RBF for deformation.

Figure3.38 Selectingwo hundredoints on the usexs the target points for applying RBF for
deformation.
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(b)

Figure3.39 Deformingthenaked mannequimh ave t he user 6s body si ze
models are displayed without head, neck, hands, and f@gthe unrdeformed 3D model of
thenakedmannequin(b) Theu s e r éadel &cPhe deformed 3D model of thaked
mannequin
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(b)

(©)
Figure3.40Resizingthec | ot hes t o f ant shapga thedeconstracteg 3Ds i z e
model of the naked mannequin with the 3D textured model afithiees(b)t he user 6s 3D
model with theresized3D textured modebf the clothes before applying Surfacert@ction
(c)t he user 6s 3D model widdl df the clotbesfteeagplyingge d 3 D t e x |
Surface ©rrection
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Chapter 4. Result and Validation

The chaptedemonstrates the pgriment result at first, and thvalidation is done
to verify the feasibility, efficiency and stability of the proposed approach. Evaluation
and digussion are introduced to describe the characteristics, advantage and limitation

of the sytem.

4.1 Experiment Result

Our system is based on multipleews, in the following, we present the result with
respect to front, bacheft, and right viewAnd in the experiment, three types of shirt
three type of wusers and one skirt were used
Shirt 1: short sleeve blue shirtwhich has several complicated patterns in the front
surface such as stars, characters, and so on
Shirt 2: short sleeves dadgreen shirtwhich also has complex patterns in the front
surface
Shirt 3: long sleeves dark green shinthich has two white and parallel lines in the
front surface
Trouserl: long blackrouser.

Trouser2: short grey pants.

Trouser3: long dark blue jans

Skirt: dark blueskirt.

Fourgroupsare created based on the shirts, trousers, and skirt

Group 1: Shirt 1 and Trouser 1.
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Group 2: Shirt 2 and Trouser 2.
Group 3: Shirt 3 and Trouser 3.
Group 4: Shirt 1 and Skirt.
One actual male mannequin putesch group of clothes during data acquisition.
So four groups of clothes were acquired and reconstructed in the experiment.
Figure 4.1, Figure 4.2, Figure 4.3 and Figure 4.4 demonstrate the procedure of
extractingthe dressed mannequin from the background, extracting clothes from the
dressed mannequin and separating tireimone shirt and one trousand region filling
to the data missing area
Figure 4.5 demonstrateshe procedure to align four vie@point cloudsof the
nakedmannequirto the modebf the naked mannequaapturedusingKinectFusion.
Figure4.6 demongrates the procedure to align four viépsint cloudsof the shirt
and the trousemandto apply PassonSurfaceReconstructiorto create the watertight
mesh
Figure 4.7 demonstrate the procedure to applylesh Postprocessingto the
watertight mesh toreate the more realistic clothes mesh.
Figure4.8 demonstratethe procedure to apptexture mapping fothe shirt mesh
andthetrouser mesh.
Figure4.9 demonstratethe procedure to deform the nakednnequin tdnave the
u s ebody size and shapsing RBF.
Figure4.10, Figure4.11, Figure4.12 andFigure4.13 demonstratehe procedure

to resize thdour combinations oflothes to fitto theuser
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Front View Original RGB Image

Kinect Body TrackingFunction

¥

Extracted Dressed Mannequinimage

(b)

¥

Color Segmentation

¥

Extracted Shirt Image Extracted Trouser Image

(c) (d)

¥ ¥

Manuallyremovingsome artifacts

¥ ¥

Extracted Shirt Image Extracted Trouser Image

(e ()

Figure4.1 Front view clothes extractioifa) color image from RGB sensor (b) extracte
dressed mannequin image using Kiridatly Tracking(c) extracted shirt imagesing JSEC
(d) extracted trouser image using JSEG (e) shirt image after manually removing s
artifacts (f) trouser image after manually removing some artifacts.
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Back View Original RGB Image

Kinect Body TrackingFunction

4

Extracted Body Image

i

(b)
A 4

Color Segmentation

A 4 \ 4

Extracted Shirt Image Extracted Trouser Image
(c) (d)

L 2

™

Manually removing some artifacts

\ 2 L 2

Extracted Shirt Image Extracted Trouser Image

() (f)

Figure4.2 Back view clothes extraction: (a) color image from RGB sensor (b) extrac
dressed mannequin image using Kiridatly Tracking(c) extracted shirt image using JSI
(d) extracted trouser image using JSEG (e) shiage after manually removing some
artifads (f) trouserimage after manually removing some artifacts
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Left View

Original RGB Image

“jo

(a)

) 4

Depth Thresholding

¥

Extracted Body Image

i

(b)

Color Segmentation

Extracted Shirt Image

\

(€)

Extracted Trouser Image

)

(d)

¥

Manually removing some artifes

¥

Extracted Shirt Image

\

(e)

Extracted Trouser Image

(f)

¥

Region Filling

2

Shirt Image after Region
Filling

(9)

Trouser Image after Region
Filling

(h)

Figure4.3 Left view clothes extraction: (a) color image from RGB sensor (b) extrac
dressed mannequin image usigpth Thresholdingc) extracted shirt image using JSE
(d) extracted trouser image using JSEG (e) shage after mmnually removing some

artifacts(f) trouserimage after manually removing some artifacts (g) shirt image af

region filling (h) trouser image after region filling
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Right View

Original RGB Image

ok

@)

. 4

Depth Thresholding

¥

Extracted Body Image

l

(b)

Color Segmentation

Extractedﬁlirt Image

]

(d)

Extracted T&JSGI’ Image

Manually removing some artifacts

¥

Extracted Shirt Image

N Y

()

|

(f)

Extracted Trouser Image

\ 4

Region Filling

¢

(9)

Shirt Image after Region Filling

J

(h)

Trouser Image atr Region Filling

Figure4.4 Rightview clothes extraction: (a) color image from RGB sensor (b) extrac
dressed mannequin image usidgpth Thresholdingc) extracted shirt image using JSE
(d) extracted trouser image using JSEG (e) shige after manually removing some
artifacts(f) trouserimage after manually removing some artifacts (g) shirt image af

region filling (h) trouser image after region filling
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Alignment Parameters Calculation

Four view$point clouds of the naked mannequin

3D model of thenaked
mannequin captured using
KinectFusion

3D Registration

Four view$
alignment
parameters

Figure4.5 Four views of naked mannequin alignment (a) Four views point clouds of
naked mannequin (b) 3D model from KinectFusion (c) Aligned point clouds
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Four views of shirt Four views of trouser

¥ ¥
(@) (b)

L 2 ¥

3D Registratior{Four view®alignment parame‘%

PoissorSurface Rconstruction

(e)
3
s =

(9) (h)

Figure4.6 From four views point clouds to mesBhirt (a) four views of shirt (c) aligned
point clouds (e) aligned point clouds after manually removing some outliers (g) after F
surface reconstruction. Trouser (b) four views of trouser (d) aligned point clouds (f) a
point clouds after manually moving some outliers (h) after Poisson surface reconstru
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Watertightmesh of shirt and trouse

(d)

Removingotherunconcerned

Rough Texture Mapping components

(b) (e)
Manually selectingoints on the Adding severahewtriangular
mesh faces

_‘.

)

Deleting faces along theath
formed from theselected points

To right top side

Figure4.7 Mesh Posprocessing: (a) original shirt and trouser mesh (b) rough textu
mapping based on Kiiree (c) manually selecting several points on shirt and trouser |
(d) deleting triangular faces along the path formed from selected points (e) removing
unconcerned components (f) adding new faces based on the selected points and b

edges
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