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Abstract

Performing tasks with abotic handoften requires a complete knowledge of the manipulated object,
including its properties (shape, rigidity, surface texture) and its location in the environment, in order to
ensure safe and efficient manipulation. While wedtablished procedures exist ftre manipulation of

rigid objects, as well as several approaches for the manipulation of linear or planar deformable objects
such as ropes or fabric, research addressing the characterization of deformable objects occupying a
volume remains relatively linedd. The fundamental objectives of this researahe to track the
deformation of nonrigid objects underrobotic hand manipulation using RGB datg and to
automatically classify deformable objects @ither rigid, elastic, plastic, or elastgastic, basd on the
material they are made of, and to support recognition of the category of such objects through a robotic
probing process in order to enhance manipulation capabilifiése goal is noto attempt to formally
model the material of the object, but raer employ a datalriven approach to make decisions based on
the observed properties of the object, capture implicitly its deformation behavior, and support adaptive
control of a robotic hand for other research in the futurEhe proposed approachdvantagously
combines color imagand point cloudprocessing techniquesind proposes a novel combination of the
fast level set method with a legolar mapping of the visual data to robustly detect and track the
contour of a deformable object in a R&Bdata steam. Dynamic time warping is employed to
characterize the object properties independently from the varying length ofltectedcontour as the
object deforms.The researchesultsdemonstrate thata recognition rate over all categories of material

of upto 98.3% is achieved based on the detected contour. When integrated in the control loop of a
robotic hand it can contribute to ensure stable grasp, and safe manipulation capability that will
preserve the physical integrity of the object.



Acknowledgement s

I would like to express my gratitude to my parents, and , for their full support and

encouragement during all these years that | have spent on studying in Canada. | will be grateful forever
for your love.

| would like to thankDr. Pierre Payeur and Dr. ANaria Cretu for their guidancemotivation and
encouragement through my study and research.

I would like to thank Jonathan Guillot®louinfor helping with the interfacef the Barrett robotic hand.

In addition, | would likeo thank Thiago Eustaquio Alves @diveirafor his patience and companifor
me, you are truha gift from God.



Table of Contents

Y 013 1= Tod PP PRPP PO PPPPPRPPP ii
ACKNOWIEAGEIMENTS. ...ttt e e e e e e e e e e e s e b e e e e e e e nrreeeeeeeens iii
LISt Of FUIES...... ettt e e e s e e e s e s s snnnnneeeeesnnnnnnnnneeenssnnnnnns VT
LISE OF TADIES ...t e e Xi
IS Ao Y o o 11 10 = PSPPSR Xii
ChapterL INTTOTUCTION. ......eei ittt e e e e e e e e et e e e s e e e e e e e e e s nrn e e e e e e e annrenes 1
0 |V 0 1)Y= L1 [  F PP PP PPPPRSPPPPI 1
1.2 RESEAICH ODJECHVES. ..ottt e e e e aeens 2
1.3 Thesis OrganiZatiQnl.............ooooiiiiii i e e e e e e e e e e e e e e aaaaaaeaaaeeeaaesaeeassasaaasnnnnnes 3
Chapt@ 2 LItErature REVIEW........coiiiiiiiieee et e e e e e e e e e e e e e e e e e e e aaaaaaaaens 4
2.1 Manipulation and Material Classification for Deformable Objects..................ooiiiii i 4
2.2 DAL ACQUISTTION. ......eeieeeeee ettt e e e e e e e e e e e e e e s e e e e e e e e e b ber e e e e e e e e nnnneeeeeas 6
2.3 SegmentatiomNd TTACKING. ... ....uutiiieiiiiiiiii e e s e e e s e s eeees 6
2.3.1 Segmentation TECHNIGUES. ......coi ittt e e e s eeeens 7
2.3.2 Level Sets for Segmentation and Contour Tracking...........ccccoeeeeeeeiii s 9
2.3.3 Random Sample Consensus (RANSAC)......cccciiiiiiiirere e e e e 15
2.3.4 LOGPOIAr TranSTOMML...uuuieiieiiieiieeieee e 16
2.3.5 Clustering TECRNIQUES.........oooiiiiiii e 17

2.4 ContourMatching for Object CharacCterization...............uevviieiiiiiiiiiiiee e 20
2.5 SUuMMary Of LItErature REVIEMI..........couiiiiiiiiiiiee ettt e e e e e e 24
Chapter 3 Object Deformation Tracking and Material Behe®émed Classifation..............c..o......... 26
3.1 Proposed Approach for Object Deformation Tracking and Material Betgaged Classificati@®
A =Y = WAoo |11 (o) 28
B2 L RGHED DALa.....ciiiiiiiiiiiieiae et et a e e e e e e e e e e e e e e 28
3.2.2 2D FiXAUON POINL.....eeiiiiiiiiiiiiii et e e e e e e e s e e e e e nneee s 28
TG B4 B 1 I 1V = o o 1 o PR 29

3.3 Segmentation and CoNtOUr TraCKING..........uuuuuieiiieiieiieei e e e e 30
3.3.1 RANSABased Algorithm for Background Removal..........cccccoooeeviiiiiiiiiiiiin e, 30
3.3.2 Objechf-Interest CluSter EXIFACHON. ............uuuiiiiiiiiiiieeiiieier e ee e e e e e e e 34



RS I | B 2 B 1V =T o] o] o o TP PRPPP R PPPPPPRRP 38

3.3.4 LogPolar Mapping of Color Objeof-Interest CIUSEEL..............uuuriiiiiiiiiiiieiiiiieieeeeeeee e 39
3.3.5 Color ComponeNnt SEIECHION........ccoiiiiiii e e e e e e e e e e e e e e e 40
3.3.6 Fast Level Set Method in Lglar Domain for Contour Detection and Tracking............. 43
3.4 Material BehavieBased CIasSifiCaIN ..............c.eeiiiiiiiiiiiiiiciieee e 49
3.4.1 Object Deformation CategoOrieS.........ccoviurriiiieeiiiiiiiiiieee e e s s ssinneeree e e s nnnneeeeeen . 49
3.4.2 Dynamic Time Warping for Contour Correspondence and Material BeBased
ClaSSIFICALION. .....eeiteie ettt e e e e e e e e e e e e 53
3.4.3 Proposed Classification of Deformable Objects..............coooo i, 55
Chapter 4 Experimental Results and Evaluation.............ccccceeoeeeeiei e 59
4.1 Experimental Setup and Software ArChiteCIULE.............ooiiiiiiiiiiiiiiee e 59
4.1.1 Hardware COMPONENTS .......couutrriieeeeeiiirreieeeessaisssreeeeesasssrreeaeessassbrereeeeesssnrrnreeeessannes 59
4.1.2 SOftWAre ArCHITECIULR ..ot 62
4.2 Data Acquisition and Parameter SEttiNgS........ccooieiiciiiiiiriiiirrrre e err e e e eaaaaaeaaaeeas 65
4.2.1 RANSABased Algorithm for Background RemMOval.............cccccoeeeeeieiecec, 65
4.2.2 Point Cloud ClUuSter EXTraCtiQI..........ccuvuriiiieeiiiiiieeee et e e e e e s e e e e e e nnnnes 67
4.2.3 BoUNAING WINAOW SIZE.....coiiiiiiiiiiiee ettt e e e ne e e e e e e e 71
4.2.4 LogPolar Mapping: o and 2D Fixation POINt............coooccviiiieeiniiiiiiiieeeeeesiiieeeeeeessenenn L 4
4.2.5 Color SeleCtion SCHEMIE.........cooiiiiii e 77
4.2.6 Contours Extraction from RGB Color SPace............cooooiiiiiiiii i 82
4.2.7 Contour Extraction in the Cartesian DOMAIN.............ccoviiiiiiiieiniiiee e 82
4.2.8 Influence of the GausSian Filler ... 83
4.2.9 Influence of Score ThreshQld.............oooiiiiiiii e 84
4.3 Influence of Kinect Position and Orientation.............cooiuririiree e 85
4.3.1 Various Positions Of KiNECE SEIMSOL..........uuiiiiiiiieeiiiie et 85
4.3.2 Various OrientationNs Of ODJECT..........uuuiuiiiiiiiiiiiiieeeeeee e 90
4.3.3 SeNSOIO-ObJECT DISTANCE......ccciieeeeiiee e e e e e e e e e e eas 91
4.4 Object Contour Detection and Tracking...........ccouiiiiiiiiiiiiiiiic e 92
4.4.1 RobustnesBocused Contour DeteCHiON............uuiviiiiiiiiiiieiee e 92
4.4.2 Speedrocused Contour TraCKiNQ..........coeeuiiiiuiriiiee ettt a5

4.4.3 Contour Detection and Tracking Performance for Various Object Materials and Force
=T T 0T =R 97



4.5 Object Material BehavidBased Classification Performance..............ccoooeociiiniiiiiviinnnnnnee. 104

4.5.1 Classification Accuracy of Object Material Characterization.............ccccceeeviiiiiieenenn. 104
4.5.2 Classification Computation TilE...........uuuuiiiiiiiiiiiiieiieer e e eee e e e e e e e e e e e s 110
4.5.3 Special Case: Object with Multiple Material Deformation Stages.................cccceeennne 113
Chapter 5 CONCIUSION.......ueiiieiiicciee e e e e e e e e e e e aaeaaaaaeaaeeas 115
LS R 1 0 = PP 115
5.2 CONIDULIONS. ...t e e e e e e e s e e e e e e e s e e e e e e e annnees 115
5.3 FULUIE WOTK ...ttt e e e et e e e e e e e e e e e e e eeeeeeas 116
RETEIBNCES. ...ttt e e s e e 117

Vi



List of Figures

Figure 2.1: (a) Representation of the cutvand the two lists of neighboring pixels and Lo, (b) the
motion of switching pixels oli, and L,; and (c) representation of the-donnected discrete

neighborhood of a pixal. (Each cell denotes a pixel of the image.).........cccceeeeiiieiviiiee e, 11
Figure 2.2: A template example maps from: (a) the Cartesian domain to (b) thelamgdomain........ 17
Figure 2.3: An example of a thre@nensional tree.............uuuviiiiiiiiiiiiieeiecee e, 19
Figure 2.4: An example OfMBIrEE.........uuuiiiiiiiiiieee e 20
Figure 2.5: Example of a warping matrix (each cell represeniebgbithe image)............ccccccvveeee. 22
Figure 3.1: Flowchart of object detection, deformation tracking, and material behbaiE®rd
(o] LT | ToF= o] VSRR 26
Figure 3.2: (a) RGB image (8480) from Kinect, and (b) raw point cloud from Kinect................... 28
Figure 3.3: Fixation point selection over object Of INtErESL..........ccccviiiiiiiiiiiieeee e, 29
Figure3.4: (a) Raw point cloud from Kinect, and (b) point cloud after table surface removal....... 34
Figure 3.5: Flowchart of single clustd interest exXtraction.............cccocvvveiiiiiieiiiec e 35
Figure 3.6: Objeetf-interest cluster extracted from the point cloud shown in Figure 3.4(h).......... 38
Figure 3.7: An example of the bounding window, bounding box and projected 2D.pixels........... 39

Figure 3.8: (a) Original Cartesian image (187x200); (ldiag (cortical) image (93x167) obtained by
the logpolar mapping from (a); and (c) retinal image (187 x)2ained by the inverse mapping from

() PSPPSR 40
Figure 3.9: (a) YUbded cortical image of Figure 3.8b; (b) U component of (a);(e) V component of
G2 ) PP PSPPPRPRRRPRY 41
Figure 3.10: Mean value of each column of:Higure3.9%; (b)Figure3.9C.........ccocceccvivviiiirieenienee, 42

Figure 3.11: (a) Representation of the cutveand the two lists of neighboring pixels and 0 in

the corticalimage; (b) the motion of switching pixels @f and0 ; and (c) representation of the-4
connected discrete neighborhood of a piXel(Each grid cell denotes a pixel of the cortical image43

Figure 3.12: (a) Labelled bounding window in original Cartesian image; and (b) corresponding labelled

PIXEIS IN the COMICAI IMABGE.- ... . iii ittt e e e e e e a7
Figure 3.13: EIQSHC ODJECL......ciiiiiiii e e e 50
Figure 3.14: PIastiC ODJECL.........coci e e e e e e e e e e e e e e e e e e e e s e e e e e s e e aaannernees 50
Figure 3.15: EIaSIPIASTIC ODJECL. .......oiiiiiiiiiiiiie e e e 50
Figure 3.16: Rigid ODJECT.........eiiiiiiee et e e e e e e e e e 51
Figure 3.17: Deformation contoufsr elastic, plastic, elastplastic and rigid materials/stages........ 52
Figure 3.18: Contours at tiMBANG O P cveeeeriiiiie e rieie ettt e e s e e e nnbe e e e nees 53
Figure 3.19: WArPING MAIX. .....ueeeiieiiiiiieiiee e et e e e e e e e e s s s e e e e e e s ssbbe e e e e e e s sasbbeeeeeeesaannes 54
Figure 3.20: Relative distance of points to contour center for contours atdemel 0 P .............. 56
Figure 3.21: Supplementary conditions validated on contour deformation detectian................... 57
Figure 3.22: Flowchart for material behavimased object classificatian...............occcvvvvviirniiiiiinnnen. 58
Figure 4.1: Setup of Barrett robotic hand and KiNeCt SENSOL.........cccci o 59
Figure 4.2: KineChFf XDOX 360 SENSOL........c.uuieiiiieeiiiiiieee e e ettt e s e e e e st e e e e s s annneeraae s 60

vii



Figure 4.3Barrett roDOLIC NANG-........o.ooiiiiiii e e 60

Figure 4.4: Process of probing an object with the robotic hand...............cc.ccccccl 6.1
Figure 4.5: Totevel software architecture for the proposed contour tracking and classification system.
..................................................................................................................................................... 62
Figure 4.6: Data from KINECL SENSOL.........ciiiiiii e r e e e e e e e e aaaaaaaeas 63
Figure 4.7: (a) RGB image from Kinect; (b) NaN removed point.cloud..............ccccvvevireveeeerennnnnn. 64
Figure 4.8: (a) Planar background removal with RANSAC parametercm; and (b) with=0.75 cm..66
Figure 4.9: Planar background removal with RANSAC parataétem................cccceeeeiiiiiieiieinieen, 66
Figure 4.10: (a) Planar background removal with RANSAC paramgib cm; (b) withi=1.5 cm; and

(0 L] A od o OO PP PPRPPRPPPPPRPPRPPP 67

Figure 4.11: Cluster extraction with paramef@itx2.5 mm and 2D fixation point of coordinates....68
Figure 4.12Cluster extraction with parameté@Q= 3nm and2D fixation poinbf coordinates.........! 69
Figure 4.13: Cluster extraction with paramef@Q= 5mm and 2D fixation point of coordinates......69
Figure 4.14: Cluster extraction with paramef@iQ= 10mm and 2D fixation point of coordinates....70
Figure 4.15: Cluster extraction with paramel@Q= 10mm with multiple objects in the scene and 2D

fixation POINt Of COOMTINALES........ccciiiiiiiiiiiie e e e e e e s snnnneeeeesssennnenid L
Figure 4.16: Contour detection on an object sitting on the palm of the robotic hand................... 12
Figure 4.17: Contour detection on ahject held by the fingers of thebotic hand............................ 73
Figure 4.18: Contour detected with a blind spot Siz&yefl PiXel..........cccovviiiiiiiiiiiiiiie e, 74
Figure 4.19: Contour detected with blind spot Sizé 43 piXels........cccciiviiiiiiiiiiiieeeeeeee, 75
Figure 4.20: Contouradected with blind spot size 0%=5 PIXelS.........cccvvieiiiiiiiiiiee 76
Figure 4.21: Contour detected for blind spot Siz€@fL0 PIXEIS........cociiiiiiieiiiiie e 17
Figure 4.22: Contour detection with 2D fixation point at the center of the object........................ 78
Figure 4.23: Mean values of U and V components in each column of the cortical images..........79
Figure 4.24: Contour detection with the 2D fixation point at the-l@ip corner of the object............. 79

Figure 4.25Mean values of U and V components in each column of the cortical images in Figuii®4.24.
Figure 4.26: Contour detection with the 2D fixation point at the botlefihn corner of the object........ 80
Figure 4.27Mean values of U and V components in each column of the cortical images in FiguB94.26.

Figure 4.28: Contour dettion with the 2D fixation point at the tepgght corner of the object........... 80
Figure 4.29: Mean values of U and V components in ealkeimn of the cortical images in Figure 4.28.
Figure 4.30: Contour detection with the 2D fixation point at the botiaght caner of the object......81
Figure 4.31: Mean values of U and V components in each column of the cortical images in Fig8de 4.30.
Figure 4.32: Contours of object of interest are deteCted............ccuvvevvieiiiiiiiiiiiee e 82
Figure 4.33: Contours of 0DJeCt Of INTEIEST......o.ooiiiiiiiee e 83
Figure 4.34: Contours of object of interest are detected............ccccouiiiiiiiiiiiiiii e 83
Figure 4.35: Classification results presented as confusion matrices for an elastic object and for various
values of the score threshold...........cc e 34
Figure 4.36: Positions of the Kinect sensor with respect to the object and robotic.hand............. 86
FIgUre 4.37: UPPEI POSITIQN . .....ceiiiiiiiiieeeeeeiiite e s et e e e e et e e e e e e st r e e e e e e e bbb ne e e e e e s s annnbeneeaens 86

(o 1= N Sl e Y= 0T 1= 1 0] o 87
FIgure 4.39: Left POSIION. .....oiiiiiiieee ettt e e e e e et e e e e e e e e e e aaaaaaaaaeeaeeas 87
Figure 4.40: RIGNT POSITIQN..........uiiiiiieiiiiiiie e e e e e e e s r e e e e e s s nnbrreeeeeean 88



Figure 4.41: UPPEEft POSITION.......cciiiiiiiiiiie e e e e e s e e e e e e anne 88

Figure 4.42: Uppefight POSItION. .......uuiiiiiieiiieiciee e eareeseeeeees 89
Figure 4.43: LOWEETL POSILION.......ccooii i e e e e e e e e e e e e e e e e e e e e e e e e e e e s aaaans 89
Figure 4.44: LOWEMGNT POSITION........ciiiiiiiiiiiiee et e e s e e e e e e s e e e e e e eaans 90
Figure 4.45: Robustness of detected contours on an elastic yellow sponge at various stages of
(0123 (0] ¢ 0 =Yoo FOU PO PPPPTR 90

Figure 4.46: Robustness of detected contours on a red elastic sponge at various stages of def@fmation
Figure 4.47: Robustness of contours detection on blue plasticine dough (with plastic characteristics) at

various stages Of deformatiQn..........ccoocci e —— 91
Figure 4.48: (a) Effect of the distance between the surface of the object and the Kinect sensor; (b)
various positions of the Kinect sensor with respect ® tject...........cccuveeeevieeiiii, 92
Figure 4.49: Robustne$scused CONtOUr ELECHION...........uuiiiiiiiiiiiiiie e et 93
Figure 4.50: Speefbcused approach........ ... 95
Figure 4.51: Series of domurs around elastic blue sponge with retserts under manipulation........ 97
Figure 4.52: Series of contours on an elastic red spuiipegreeninserts under manipulation......... 98
Figure 4.53: Series of contours on an elastic yefiponge under manipulation...............cccccceeevinee 98
Figure 4.54: Series of contours on plabtiee plasticine doughinder manipulation........................... 99
Figure 4.55: Series of contours on plastignge plasticine doughnder manipulation....................... Q9
Figure 4.56: Series of contours on plaggtiow plasticine doughinder manipulation...................... 100
Figure 4.57: Series of contours on an elgdtsticstress balundermanipulation...............cc.evve..... 100
Figure 4.58: Series of contours on a rigid packageinder manipulation..............cccocecvvveeeeenennnee. 101
Figure 4.59: Series of contours on a rigiigk casaunder manipulaion .............cccvvvveeeiiiiiniieeeeeene 101
Figure 4.60: Robustne$scused contour detection andpeedfocused contour tracking time versus
force magnitude and MAatEIIAl TYPE.......eeii i 102
Figure 4.61: Average computation time per indual frame for robustnes®cused catour detection
................................................................................................................................................... 103
Figure 4.62: Confusion matrices for classification results on elasticsplugge with red inserts under
[aE=T a1 010 ] F=1 1 o] o W TSP PPPP T TTOPPPPP 104
Figure 4.63: Confusion matrices for classification results on elastic red spdhggreeninserts under
(gaF= a1 o]0 ] F= 1 o] o H P PO P PP P PPPPPTPPO 105
Figure 4.64: Confusion matrices for classification results on elastiavysfionge under manipulation
................................................................................................................................................... 105
Figure 4.65: Confusion matrices for classification results on plastic fiasticine doughunder
=T 1] 18] = o o R 106
Figure 4.66: Confusion matrices for classification results on plastic onalagécine doughunder
(aF=T a1 o]0 ] F=1 1 o] o F TSP PP PR TTOPPPPP 106
Figure 4.67: Confusion matrices for classification results on plastic yelsticine doughunder
=T 1] 18] = o o R 107
Figure 4.68: Confusion matrices for classification results on efdastic stess ball under manipulation
................................................................................................................................................... 107
Figure 4.69: Confusion matrices for classification results on rigigaekage under manipulation...108
Figure 4.70: Confusion matrices for classification results on riigkdgase under manipulatian......108

4



Figure 4.71: Confusion matrices for classification results on all objects under m#aipula........... 109
Figure 4.72: Classification time per individual object versus force magnitude and material.typd.12
Figure 4.73: Average classification time per individual Object.............evvveveviieiiiiiiiii, 113
Figure 4.74: Cardboard cup in various deformation StAges...........cccuvrrveeerriiiiiiieee e e e 113



List of Tables

Table 3.1: Correspondence of piXels frOMBNA G2 ........cccveiiiuieiiiic e 55
Table 3.20 "O™6feach pair of pixels from; aNA O, .......ccveeiieiiiiieeieeece e 56
Table 4.1 Contour detection tim@er frame (IMS)........eeeieviiiiiiiiiee e 94
Table 4.2 Contour tracking time per frame (IMS)......couee i 96
Table 4.3 Material behavioibased object classification time per object (MS).........cccccvvvvvveveenneee. 111
Table 4.4: Cuplassification under three grasping force strengths...........cccccooiiiiiiiiiiiiiiiivieeneee, 114

Xi



List of Algorithms

Algorithm 2.1
Algorithm 2.2
Algorithm 2.3
Algorithm 2.4
Algorithm 3.1
Algorithm 3.2
Algorithm 3.3
Algorithm 3.4
Algorithm 3.5
Algorithm 3.6

TwoOe Ot S FfI2NRGKY 2F FlLad fS@gSt as 14
KR GNBS O2yaidNMzOGA2Y I fI32NRGKYXXXX. 18
{GFYRFNR 5¢2 fI32NRAIGKYXXXXXXXXXXXX 21
/| 2YRAGAZ2YEFE 5¢2 TfIA2NAITKYXXXXXXXXX 23
wlb{!/ FTEtI2NRGKY F2NJ GlroftS ARSYGAT 31
bdzYo6SNJ 2F AGSNI GA2ya OFtOdAFGA2y F 33

t €Lyl N adzNFIF OS NBY2@Ff Ff3I2NARGKYXX 33
K-nearest neighbors algorithm for searchii@g With first @32 A y 1 & &S 35
3D objectof-A Y 1 SNB &l Of dzaiSNJ SEGNI OlGAz2y I 36
Logpolar domain fast level sét f 32 NRA G KYXX XX XX XX XX X X > 46

Xii



Chapter 1 Introduction

1.1 Motivation

Enabling robots to recognize and manipulate objects is essential not only in the research realm but also
for future applications of robots in practical everyday tasks. Most robots currently found in industry are
designed and tuned to perform in waedtructured environments, manipulating specific objects in a
predefined sequence of motions. This approach largalitd robotic manipulation to objects for which
prior information about their properties is available. More recently, robots started being used in a wider
range of settings, including active packaging of food, handling and foltfifgbrics and papers,
assembling flexible automotive parts, manipulatingpes (e.g. knotting)palpating organs and tissues,
and even performing sutures. Nowadays, researchers drive their attention towards the generalization of
robotic skills in order to open doors to new applions and further improve the performance of robots

in traditional tasks. More specifically, the recognition and manipulation of objects should encompass
non-structured environments, different viewpoints, and lack of prior knowledge about obj#utsical
properties, e.gwhetherthe objects are rigid or deformable.

The manipulation of rigid objects has been extensively studied, and its procedures are well established
in the literature. On the other hand, the manipulation of deformable objects is sthladlenge due to

the perception of changing properties inherent to such objects. The manner in which a robotic system
perceives an object is an important element in the development of autonomous robotic systems. Such
systemstypicallyemploy cameras and foe/torque sensors in the robot eneffector fobotic hand to

gather visual information and interaction parameters that arise during manipulation tasks. The
information collected enables the efficient manipulation of objects, especially in rmzdeld setps, as

well as the estimation of the objects physical properties and behavior. To ensure stable and efficient
manipulation of deformable objects, such as pieces of fabric, rope or other soft or flexible objects, it is
important to detect, track and clasgithe behavior of deformations that occur due to the interaction
between the robot enekffector and the object in question. While detecting an object's static features,
such as dimension and shape, can easily be accomplished by a vision system, itgrejastiies after

being grasped, involve tracking the dynamic charajets contour or shape as the manipulation occurs.
This thesis presents the design, development and experimental validation of a research conducted to
achieve modefree characterizatio of the deformation behavior of objects under robotic manipulation.
Given a series of manipulation actions and visual observations of an @bguitour, the proposed
methodology enables the automategrobing andclassification of deformable objectba®d on the
material they are made ofas elastic, plastic, elastplastic, or simply rigid objects. The information
determined by this automatedorobing and classificationprocess can be used byrobotic hand
controllers in different handling strategies.

The solution developed in this thesis attempts to minimize assumptions about the scene, the end
effector, as well as the input provided by users of the system.|@ingterm aim of this research is to

1



develop a solution that will enable a robotic system tolpgg an unknown deformable object and then

G2 ltdzi2YFGdAOFEfte IRFLWG F NRO2GAO KIFIYRQA 0SKI @A2NE
FLILJX ASR FT2NOSazr I QlysiddBhargciristic2 Wherk iStegratedevititalicentrol

scheme fora robotic hand, the solution can help to establish a stable grasp and to achieve precise
manipulation without a priori knowledge on the shape and material of the object. In other words, this
technology will contribute towards enabling autonomous robotshtmdle and interact diciently with
unmodeledobjects.

1.2 Research Objectives

In this context, the main goal of this research is to present the design and implementation of a vision
sensing and classification system that enables the categorization of 3D obf@ufosed of various
types of materiaby closely observing their interégn with arobotic handwhile it attempts to deform

them. The system detects an object imadootic hand extractsandtracks its contoursand after a short
palpation period dssifies the object based onsitdeformation properties. The types of material
targeted by this solutiorexhibit an elastic, plastic, eko-plastic, or rigidoehavior To implement the
system, the following objectives are established as part of this research effort:

w LRSSy (A @nent h geRof Algoiitfims thain combination are able to robustly detect and
extract an object of interest from RG&B data captured by a vision and depth sensor, and under
operational conditions of manipulation with a robotic hand. These algorithmsldh@guire minimal
input from a human operator and be robust to different camera viewpoints;

w 5SaA3dy YR AYLI SYGY Gl vy NIB AR ING et a&12 Ayiradicaly 2 6 2 S O
deforms under the effects of manipulation. The algorithm @dddbe able to adjust to the features that

are more suitable to distinguish between thabotic handand the object of interest, while being robust

to various shapes and magnitudes of deformation;

w 58S@PSt2L) I RSOAAAZ2Y & a Sy eldstidNplagiit, keldsgesti€, dirgidd RS T 2 N
solely from a series of deformation responses collected during a probing process. The decision system
should be able to establish the correspondence between contours of different lengths, and to cope with

small shifts and rotations of the object;

w 9@LFftdzadS YR FylftelsS (GKS 2SNl ft LISNF2NXYIyOS 27
obtained over all material types, and demonstrate that the contour tracking and classification capability
resulting from a robotic probing procedure is apt to support efficient dexterous ipdation of non

rigid objects.

The following assumptions are made in the thesis for the experimental setup:

wThe sensors installed on the fingertipisthe robotic hand that maipulates the objets are not used to
measure the magnitudes of the forces applied to the objects in order to cause the deformatidas
a result force sensing and force feedback control are beyond the scope of this resédscial



information isusad insteadfor the classification obbjectsCelasticity given that deformations may occur
on surfaces that are not in contact with the robotic hand;

w Contact pointsdistribution to placethe robotic fingersin order to achievethe gasping task in an
optimal way ifoeyondthe scope of this research

wThe objects of interestemain relatively static in the scene and therefore object tracking not the
essence of this work

w ¢pikofosed trackingand classification systemeeds beable to deal witha diversity of objects. In
other words, the systenmeeds toextract the deformed contours and classify the objects regardless of
their color, texture, shape and size.

1.3 Thesis Organization

The remainder of this thesis is structured as follows: Chapterigws the research work related to the
manipulation and characterization of deformable objects. A review of methodologies used in the field
such asimage segmentationfast level set methodrandom sample consensulgg-polar mapping k-
dimensional treedata structure,and dynamic time warping that will be exploited in this the$s
presented. Chapter 3 details the novel approasfor contour detection andtracking of deformable
objects and for their classification from RGB data; it also covers thinplementation details of the
proposed approacks Chapter 4 presents extensive experimental results and evaluates the achieved
performance for contoudetection andtracking andfor objectdImaterial behaviorbasedclassification.

The key parameters are analyzed and the current limitations of the approach are discussed. Chapter 5
provides concluding remarks and offers directions for future research.



Chapter 2 Literature Review

This chapter presents an overview of relevavdrk in the literature on the top&of object material
characterization and of robotic manipulation of deformable objedsction 2.1), as well as the
techniques that enable it, starting from data acquisition and interpretatgection2.2), segmentatio

and tracking issuesséction 2.3), and contour matching for object classificatiosetion2.4). Finally,

section 2.5 proposea summary ofhe literature review

2.1 Manipulation and Material Classification for Deformable Objects

Object manipulation i®one of the fundamental capabilities of autonomous robotic systems, yet the
design and development of such systems able to reliably and safely manipulate objects, in particular
deformable objects, without human intervention is still a challenging areaeséarch. In order to
achieve efficient and safe manipulation, a complete knowledge of the manipulated object is often
required. In contrast to the manipulation of rigid objects which is extensively studied in the literature,
and for which welkstablishedprocedures exist, the investigation of the manipulation of deformable
objects represents a more recent undertaking. The most relevant related work on the topic analyzes the
displacement of the object surface at and in the surroundings of the contact poinése external
forces are applied.

There are two main ways encountered in the literature to represent the manipulated object: (i) the
modektbased approacliil] that generally involves the approximate identification of elastic parameters

of the object, with tuning of the arameters achieved by comparing the real and simulated object
submitted to interaction, and aiming to minimize the differences between the two; and (ii) the model
free approach that does not assume a prior model or template for the object. In the catefjorgdel

based approaches, the model can be estimated using a-smgxydamper model[2][3], a finite
element method (FEM) representatid8]¢[5], or a surfel representatiof6][7]. In [2], Choi et al. track

the trajectoly of a dropping deformable ball, which is red against a blue background, in a video stream.
The elasticity parameters of a masgring model simulating the ball are adjusted by optimizing the
differences between a virtual object and the corresponding eed. This work is restricted to elastic
objects and tuning is achieved thanks to a simplified imaging scenario over a contrasting background.
Without capturing visual dataZaidi et al.[3] model a linear isotropic 3D deformable object in
interaction with a threefingeredrobotic handas a masspring system based on a tetrahedral mesh.
The estimation of contact points and object deformatidagased on tracking the node positions and
a2t @Ay3 GKS Reyl YAO S| dzlEbrechigrdet asF moded theilntigiof &t SO2 y R
sheet of paper under manipulatidoy arobotic hand The paper geometry is represented by a 2D grid of
nodes tha are connected by links specifying the bending constraints, namely a resting distance between
two nodes and the stiffness coefficient that are tuned manually. Madided object detection and
tracking is employed in order to track the folding processhef paper. In the same line of research,
Mateo et al.[9] analyze deformations of 3D elastic object surfaces. The surface deformation is described



in terms of a level curves set by computing the gradients of surfagggpfsrom the object geometry.

The extension of this world0] explains that the graspg process of flexible objects and the control of
robot manipulation are reliable under visual surveillance to detect the deformation. No formal model is
required for the object deformation or for its material. However, this work does not allow the
differentiation between various categories of deformable objects.

The work of Petit et a[4] considers RGB data for tracking the deformation of 3D elastic objects. The
approach assumes that the object of interest is already segmented from its background, and the
iterative closest peit (ICP) algorithm is applied on the resulting point cloud to estimate a rigid
transformation from the point cloud to a linear tetrahedral FEM model representing the object. Linear
elastic forces exerted on vertices are computed from the point cloud taorthsh based on closest point
correspondence and the mechanical equations are solved numerically to simulate the deformed mesh.
This work is also restricted to elastic objects. Krainin §6ppropose a solution for #mand modeling of

3D rigid objects using R&Bdata. A Kalman filter based on depth and visual information produces at
each frame an estimate of the robot manipulator, the object and the Kinect sensor. The Kalman filter
tracking uses RANSAC feature matching and an ICP algorithm variant. These estimates enable the
segmentation of the object, and its model is built as a series of surfe[g],la registration methodsi
proposed based on muitesolution surfel maps providing a dense displacement field between object
shapes monitored in RAB imagesKraftet al.[11] obtain object models that are composed of sparse
sets of oriented 3D points along their contours by monitoring the manipulation process of the object
with a stereo camera and then predicting the representation of object based on the motion induced by
the robot. However, this approach requires prior knowledge about the experimental environment and
the object itself. Schulman et gi5] track deformable objects from a sequence of point clouds by
identifying the correspondence between the point cloud and a physased model of the object
composed of a collection of linked rigid particles, goesr by dynamical equations. An expectation
minimization algorithm aims at finding the most probable node positions for the model given the
measurements. Tests are performed in a controlled environment, against a green background that limits
its applicabiliy to normal conditions. An approach that does not assume a prior model or template for
the object is proposed by Hur et §.2]. They itroduce a 3D deformable spatial pyramid model to find

the dense 3D motion flow of deformable objects in RGBata. The point cloud is corrected with a
depth holefilling algorithm and treated with a Gaussian filtering prior to the computation of a sefies
perspectively normalized descriptors. The 3D deformable spatial pyramid finds dense correspondences
between instances of a deformed object by optimizing an objective function, in form of an energy
corresponding to a Markov random fieldnd taking into consideration factors such as: translation,
rotation, warping costs and descriptors matching costs.

A modelfree approachfor robotic manipulation of3D deformable objects is proposed by Navarro
Alarcon et al[13]. The soft object is manipulated o robots withina feedback loop, which allows to
control simultaneously the objechape andinal position (i.e. interest points over the object and its
centroid). The shape dhe deformed object is represented by the compression distance between two
feature points, tke folding angle estimated by three feature points on the surface of the olgect the
normalized curvature measured passing through three feature points. The solution has however limited



applicability to only elastic deformations and objects with aitificcontrol features added to it
(positions of tags).

In this context, the main goal of this thesis is to design and implement a framework that enables model
free material characterization of 3D soft deformable objeetchibiting various material behavier
(mainly onelasticity)by visually observing their interaction with a robotic hand.

2.2 Data Acquisition

Visual object data acquisition can be achieved using a large variety of dexiketing digital cameras

and RGHBD cameras. Over the past decad@ithl cameras were widely and successfully used for image
processing. Their extended use is supported by the existence of various software libraries, including
OpenC\14]. However, a single 2D image cannot always provide enough information about the scene,
especially in the context of robot manipulation of objects, where informationthe depth enables a
better interaction with the environment and the manipulated object. The use of multiple digital cameras
can provide more data about the scene, but stitching together data coming from multiple views is not
trivial and is a timeconsumng operation, not suitable for tracking a deformable objédte Microsoft
Kinect for Xbox 366ensor{15] overcomessome ofthe problems that are caused by the use of multiple
digital cameras. Moreover, the Kinect sensosts less than $200, which makes it an affordable solution
for color and depth data acquisition

From the objectives of the research work presented in thesis and from the above considerations, a
sensor that is able to capture both color and depth images at a relatively high -hameffers an
interesting alternative for the tracking of a deformable object manipulated ybatic hand The depth
imagecan be employed to locate and identify the object of interest in the scene (spatial perception of
objects), while the color image can be used to extract the precise contour of the object (contour
detection and trackingdluringthe manipulation of therobotic hand while being fast enough to follow

the deformation. The Microsoft Kinect for Xbox 360 is therefore selectethéowork in this thesis, and

is used in conjunction with thdRobot Operating System (ROS) which contains drivers for the Kinect
sensoi{16].

2.3 Segmentation and Tracking

As the goal of this research is to classify deformable objects based om#feimationproperties, the

object of interest must be first identified in a given scene. Image segmentation is a fundamental
procedure for dividing an image into parts that share a strong correldi@h Segnrentation can be
defined as the process of partitioning an image into constituent parts according to local image
properties or features. The general approach is to allocate each pixel labelled by its characteristic
properties to regions sharing similar pries. These properties depend on the image content and can
include color, texture, motion, brightness, reflectivityr depth. The result of image segmentation is a

set of regions, homogeneous with respect to a chosen property, and that collectively cover the entire
image, or a set ofontours extracted from the image, representing the boundaries of these regions. In
the present context, segmentation is used to extract objects of interest contained in the scene.
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2.3.1 Segmentation Techniques

Image segmentation remains a difficult task, due to both the tremendous variability of object shapes
and to the variations in imageontents and quality. This justifies the interest of researchers in this topic
over the years. The literature reports a great variety of segmentation methods over the past decades.
According to Sonka et 4lL7], these can be subdivided according to the dominant features they employ.
The main classes of segmentation methods are: threshakkd, edgdased, regiorbased, andther
advanced methods.

2.3.1.1 Threshold -Based Segmentation Methods

Threshdd-based segmentation methods capitalize on knowledge of the image content in form of
histograms of image features. In its simplest form, the algorithm uses a brightness constant (threshold)
in a grayscale image to segment an object from its backgrouie fhresholding algorithm is fast and
computationally inexpensivil7], but the threshold selection has a crucial impact on the segmentation
results. Several methods have been proposed to adjust thlaevof this threshold (or of multiple
thresholds) within an image in order to improve the foregrotbatkground separation, but the results
vary widely according to the content of the image.

2.3.1.2 Edge-Based Segmentation Methods

Edgebased segmentatioomethods are a group of methods that use information about the edges
contained in an image. Edges delimitating discontinuities in-ignasl, color or texture are identified
based on edge detector operators (e.g. Roberts, Sobel, Laplace, Prewitt, eareac@inbined in chains
that better correspond to the boundaries of objects within the image. Prior information can be
incorporated in these methods to improve the segmentation results. Edged methods are affected

by image noise and image artifact® (iunsuitable information) that lead to the presence of edges while
no real border exists in the imager to the lack of an edge where a border exists.

2.3.1.3 Region-Based Segmentation Methods

Unlike edgebased solutions that identify borders between iags, regiorbased methods construct the
regions directly[17]. Region growingsegmentation is an iterative regidmased image segmentation
method which aims at dividing an image into zones of maxirhomogeneity based on properties such

as graylevel, color, texture, shape, etc. Simpler versions of region growing include: region merging,
region splitting, and region splitting and mergifig]¢[20]. The idea behind region merging is to start
with an initial segmentation of an image into small homogeneous regions (e.g. blocks of ari& ldy

8) aroundsome seed pixels chosen over the imaged then merge adjacent regions that satisfy a
merging criterion (e.g. pixels that do not differ by more than a threshold from the seed pixel
representing the center of the region). The properties of a region arepeoed to those of adjacent
regions, and if they match, the corresponding regions are merged into a larger region whose properties
are recomputed. Otherwise, the region is classified as-maitching and the process is repeated. The
selection of initial seegoints plays a major role in the results of the segmentation, and several methods



have been proposed to choose these seeds, including uniform grids or user selected seeds. This
selection process can also be based on prior information of the image comegton splittingstarts

with a whole image representing a ndiomogeneous region and splits it in regions based on a criterion
similar to the one employed by region merging. Even if the same homogeneity criterion is used, the
image segmented will not béné same for the two methods, from where stems the interest of creating
splitting and merging methodthat fuse the advantages of the previous two methods. Splitting and
merging algorithms use typically a pyramid image representation.

Region growingechniques are simple, flexible and intuitive to use. They work generally better on noisy

images[17], where edges are very difficult to extract. However, their main drawback is the unwanted

spread or connetion between pixels. In other words, two pixels may be connected due to the similarity

of color, while in fact they belong to two regions in the image. Thus, a predefined threshold function is
used before applying the region growing approach in practice.

The watershed algorithmovercomes the issue of unwanted spread or connection. The idea for the
watershed algorithm[21] comes from geography: water following the topographic surface streams
down to the lowest point, which is called a catchment basin. As the water continues to flow, several
localized basins (local minima) eventually merge and create laagns leaving only the highest points
(maxima) or watershed lines unsubmerged. Watershed lines are the limit where the water rises in
distinct catchment basins about to merge. Using this similarity and considering the gradient magnitude
of an image as a@opographic surface, the watershed ridge lines and the catchment basins can be
extracted as being the region boundaries and the regions respectively, in the digital image, computed
based on classic mathematical morphology operations. The watershed algonitts expanded based

on an immersion process by Vincent and Sdi@2], with an improvement in speed and accuracy.
Various other improvements have been developed. In particular, evigyoposed the concepts of
marker [23] and topographic distancg4], making the algorithm robust and flexible for segmenting
objects.

Overall, the watershed algorithm demonstrates a high capability for segmenting complete objects or
regions of interest because it considers edges and gradient changes in the image, unéke oth
thresholding algorithms that are only concerned with individual pixels, and it works well on hierarchical
segmentation. Researchers are still improving the drawbacks, such as over segmentation due to its noise
and local minima sensitivity.

2.3.1.4 Advanced Segmentation Methods

All the abovementioned algorithms encounter difficulties in segmenting objects in higher dimensional
spaces. A newer and more powerful generation of segmentation algorithms has been proposed to cope
with three-dimensional and higer-dimensional space segmentation, including: medhift
segmentation, fuzzy connectivity, graph cut and graph search, just to mention[a7gw

Of particular interest to the work in this thesiseasteformable contours or surface modebecause the
primary objective is to track the contour of an object submitted to external forces in order to



characterize its material. There are two main groups of deformable models: parametric and geometric
models.Parametric deformable models represent the borders in a parametric form. A classical algorithm
belonging to this category is active contour models, or shakes. An active contour model is ar energy
minimizing spline, where the energy depends on the shape the location within an image of the
desired contour. The local minima of this energy corresponthédesired location of the contour.
Unlike most other contour models, snakes exhibit dynamic behavior due to their energy minimization
properties. This rgresentation allows direct interaction with the model and can lead to a compact
representation for fast rediime implementation[25]. However, an approximate shape and location of
the desired contour must be provided to the algorithm and their choice affects the performance.
Moreover, snakes tend to be attracted by spurious edges; they sometimes degerteeathape by
shrinking and flattening; the convergence and stability of the contour deformation by minimization may
be unpredictableand they may yield intersecting boundaries in some situat[@@$ Finally, they have
difficulty in dealing with splitting or merging model parts, a useful property for extracting multiple
objects or objects with unknown topologf26]. This difficulty is caused by the fact that a new
parameterization must be constructed whenever topology change occurs.

On the oher hand, geometric deformable models, such as level sets, overcome partially the problems
associated with parametric models by representing surfaces using partial differential equations. The
main difference with respect to parametric models is that theves are evolved using only geometric
computations, independent of any parameterization, in an implicit manner. Given their relative
importance in the present research, geometric contour models will be further detailed in the following
section.

2.3.2 Level Sets for Segmentation and Contour Tracking

As introduced in Section 2.3.1.4, the level ssdthod is able to detect and track the contour ah
object with topological changes. In this section, the method and its extensions, especially the fast level
setmethod, are reviewed.

2.3.2.1 General Principles

The level set method, introduced by Osher and Setligat}), is a computational technique based on
topological changes, represted by an implicit formulation of the interface between a region of interest
and the backgroundn [27], the authors propose the idea of Propagation of Surfaces under Cueyatu
series of numerical algorithms to follow fronts propagating with curvatigpendent speed. The
proposed algorithms approximate the equations of motion, resembling Hamilékaobi equations. They

can accurately capture sharp gradients and cusps énrttoving fronts, can work in any number of
dimensions, and can handle successfully topological merging and breaking in the followed surface. In the
level set method, a curv€is represented as the zero level set of a higher dimensional implicit function
%0 6D at any timed. The set of points enclosed by the curepresentsthe object of interestasthis

curve denoteghe contourof the object. Level set deformable models partially overcome the problems
associated with parametric models, discussed in the previous section, by representing contours using



partial differential equations. The evolution of the curve is achieved by gpthia partial differential
equation (PDE) of the functidé ofufd as follows27]:

— A %gdPocdtit %o GO (2.1)

where "Ois the speed function in the normal direction of the cur¥e, ofto Tt represents the initial
level set function, and %epresents the normal vector at any point of the curve.

Based on the theory dR7], several variants and extensiof#8]¢[33] were proposed over the years.
The reviewfound in [34] summarizes all thesdevelopedapproachesof the level set methodand
indicates the remarkale results achieved with the model of Chan and V&34 in computer vision
applications.

Chan and VespE1] make an assumption that @urve ¢ splits the entire imagédnto two regions,m)
andm , representing the inside and outside regions of the curyeespetively. A fitting term[31] is
considered as

06 06 . sofw OsQQQ SOy NS QOQ® (2.2)

where® and @ represent the average intensities of the region andm , respectively; andOofto
represers the intensity at a pixelafto . As a conclusion of Chan and V§&#|, the object contour is
identified when the fitting term is with a minimum value. This identified contour is taken to be the zero
level set at any timé, %ocfufd T

The energy function fothe CharvVese model is composed by the fitting term (Equation 2.2) and
additional regularizing terms. lother words, the ChaiVese model is an enerdgpased segmentation.
The energy function of the Charese model i§31]:

O ‘shms ', Qo _. o O QOQ@ | o O Qo Q@2.3)
The termsThm srepresents the length of the curve, and it contributes the smoothness of the curve. The
second term is the area of the object region, and it is usually neglected by settingero. The last two
terms represent the discrepancy between the current objed average intensityw, and the
background of average intensjty, respectively. By minimizing the sum of these two terms, the moving
curve obtained represents the contour of the obj¢86]. A minimization is performed on the energy
function (Equation 2.3), which involves partial derivatives of the energy function in order to identify the
contour of the object.

However, computingpartial derivatives of the energy function (Equation 2.3) can be time consuming,
from where stems the interest in simplifying the problem of curve evolution into solutions, such as the
fast level set implementation described in the next sectiwhjch aims at increasing the computation
speed.
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2.3.2.2 Fast Level Set

Shi and Kar36][37] proposal a fast implementation of the level set pach, which simplifies the
problem of curve evolution by employing the idea of switching elements between two linked lists
representing an interior contour and an exterior contour, in order to control the splitting or merging of
regions in the image. Tiresolution handles multiple objects and topological changes, while achieving
near reaftime performance. Because the solution that is proposed in this thesis for contour tracking
draws inspiration from the work of Shi and Karl, a detailed account of sb&ition is provided below.

Two neighboring lists, denoted by and0 , each representing the inside and outside neighboring
pixels of the curve (Figure 2.1a) , respectively, are defined as fdB@js

0 00 TIF YN UG 0 & dzO K %o K Il (2.4a)
0 00  TIF YHON U 0 & dzO K %00 K It (2.4b)

where 0 and o representindividualpixels.

In Figure 2.1a, the red line represents the initial cuewhich splits the image into two parts: the
object of interest inside the curyend the background outside the curve. The,list, contains the
pixels located inside ahe curve and in contact witthe curve®, shown in dark gray, while the ljst
0 , contains the pixels located on the outside of the curve and in contacttivittcurve®, shown in
light gray.0 6 represents a 4onnected discrete neighborhood of a pixglo  ¢fto in a two
dimensional image, as illustrated in Figure 2%ds the level set function, and the sign %dis used to
distinguish the object from the background. In particubasis negative for pixels belonging to the object
of interest and positive for pixels belonging to the background. It is defined as follows:

hAGFA A |y SEGSNRA2NI LIAESET
RAGA &

, FAE AT
%00 FAGR & ATy (2.5)
RAGFAE |y AWMOESNARAZ2NI LIWEST
lL!u! EEEE ——qlb '>1 (1} I :I;Jiie‘l]é
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_Lm:
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R T¢ <0 N ] e
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2 > 91 [T pixel A
(@) (b) ()

Figure2.1: (a) Representation of the cungeand the two lists of neighboring pixelg and L,; (b) the

motion of switching pixels oly, and L, and (c) representation of the-@donnected discrete
neighborhood of a pixal. (Eaclcelldenotes a pixel of the image.)

Toillustrate the movementof switchingpixelsfrom 0 to 0 , andvice versa during the trackingof
the curveasthe topologychangesFigure2.1b showsan examplein whichthe curve movesoutwards
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relativeto the objectat pixel Bandinwardsat pixel A. Thisbehavioris representedasa switch of pixel B
from0 to0 handaswitchof pixelAfrom0 to0 . Thefunctionsfor switchingpixelsfrom onelist
to the other are descrbed asfollows[36]:

switch_in(0):

1: Removed from0 andadditto 0 .Set%0(0)=b m ®

2: Forl 6N 0O (0)with %0(0) =3,addoto 0 . Set%o(0) =1.

The functionswitch_ir(0) is employed for a curve moving outwards at a pixe¢l0 . Specifically, it
switches the pixeb from0 to 0 and adds all its neighboring exterior pixelsito , if they are not
already part of that list. In a similar mannewyitch_oufo) is employed for a curve moving inwards at a
pixelo N O

switch_oufo):
1: Removed from0 andadditto 0 . Set%o(0)=1.

2: Forl 6N 0 () with %0(0) =b3,add6 t0 O . Setd%o(0) =b1.

Thecurved evolves according to the speed functiddEquation 2.1J29] [30], whichis separatedinto
two parts: the data dependentspeedfunction, 'O , and the curve smoothnessregularizationspeed
function,”O [35].

Accordingo the theory of ShiandKarl,its extension[35] derivesthe speedfunction™O from the Chan
Vesemodel [31]. Thida et al.[35] propose a reaktime regionbased contour tracking by using an
adaptive speed function with the adaptive weighting parametersand demonstrate its potential for
trackingnon-rigid objectsandweakboundaryobjects.

In the ChanVesemodel (Equation2.3),the parametersi and @ arethe intensitiesof the regionsinside
andoutsidethe curved, respectivelywith respectto the levelsetfunction %, givenby [35]:

o %o (2.6a)

& % (2.6b)

The parametersd and & are updated according to the topmjical changes dfo 'O %o denotes the

Heaviside function and is defined &3 %o ?ﬂ’t’/fz - and its Dirac functioh %. is defined as

1 % —'O% [35]. The region inside the curvé, where%. T as defined in Equation 2.5, is

represented byO %0  p, and therefore Equation 2.6a is applied to compute the average intensity of
this region. Equation 2.@ppliesto the region outside the curve, where %o Tt
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The derivative is deduced from the Euleagrange equation &6 which minimizes the Chaviese model
energy functioriO (Equation 2.3)35].

—1%o‘n'f%§ S 07 A N N © 7 AN 2.7)

For the purpose of expanding the evolution to all level setiqahe Dirac functioh %o is replaed by
9 %s[35]. Therefore, Equation 2.7 becomes

— 31%(5‘&"['%5 o 6 _ odm 6 ] (2.8)

In the two-cycle algorithm of fast level set methddlgorithm 2.1) the above equation can be formed as

— 9%0 'O and’ isequalto Go that the two speed functions afa5]:

O AAdy o o 2 _ G o (2.9a)
" e N

lrl -
0 t o (2.9b)

where™O is the data dependentspeedfunction, which leads the curve moving towards the desired
contour of the object being tracked; an® is the curve smoothnessregularizationspeedfunction,
whichmakes the curve smooth.

In Equation 2.9a, the parameters and_ are used to adjust the weights of the region located inside
the curve and of the region outside the curvespectively. If35], the adaptivedata dependentspeed
function is proposed in order to classify each pixel accurately into its region, either the object region
(the foreground) or the background. The adaptdata dependentspeedfunctionis achieved by setting

Q .

uC\I"r (1') 7§2= "cxl"r (1') ﬁ Ege s 6m

O = e ¥ o~ 7 7 A R N £z
O\ I oy @ H OEAOxEOA

(2.10)
where "Oufto is the intensity at a pixel with codinates of G , Qrepresents a constant parameter
andQ p, and N denotes the threshold that weighs theurve smoothnessregularizationspeed
function and data dependentspeed function. The parameterso and @ are calculated according to
Equdion 2.6.

The curve smoothness regularization speed function,is approximated by:

" e N
Irl 13 .
0 t o I (2.11)

where Il is the curvature of the evolving curve,is a regularization parameteandn represents the
first-order derivative function. The curvature calculation is computationally expensive and therefore the
Laplacian o%o.is used instead as a simplified expression of the curvatughermore, the eviution of
the Laplacian of a function is equivalent to Gaussian filtering this funf3igjp A Gaussian filtefQ is
therefore employed as the smoothness regularization term to accelethie fast level set

13



implementation. The Gaussian filter is only applied on the pixel® of and O . With the data
dependentspeedfunction, "O , the evolution of curve), follows Algorithn®2.1.

Algorithm 2.1Two-cycle algorithm of fast lel set method

1: Initialize the arrayée 'O , and the two listd and0d

2:for'Q pDO do Cycle/fone

3: Comput®© |, for pixelsind and0d ;

4: For every pixeN O , applyswitch_inp)if'O 6 T

5: For every pixelN 0 , removed from0 and setd%o 0 oif%0 TmforloN0O 0O ;
6: For every pixelN 0 , applyswitch_outp)if 'O o6

7 For every pixeN 0 , removed from0 andset%0 cif%0 Ttiforl ON DO 0
8: Check the stop condition and if satisfied, goytde Twoelse continue this cycle.

9:end for

10:for’Q pDUO do /I Cycle Two

11: For every pixelN O, compute’O5 %00 . Applyswitch_inf) if ' O5 %.0 T

12: For every pixelN O , removed from0 and setd%.0 oif%0 mforl oN O 0O
13: For every pixelN O , compute’O5 %00 . Applyswitch_outf) if ' O5 %00 T,

14: For every pixeN O, removeo from0  and set%o0 oif%0 mforl oN 0O 0O
15: end for

16: Ifone of Sop Conditions is satisfied inCycle Ongterminate the algorithm; otherwise, go back to
Cycle One

The twocycle algorithm of fast level set method (Algorithm 2.1) stops whenever either of the following
two conditions is satisfiefB6].

Stop Conditions

1: The speed at every neighboripxel satisfies:

0 6 i on D
0 6 T onD

2: A prespecified maximum number of iterations, , is reached.
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In Algorithm 2.1,0 represents the number of iterations of the functiossvitch_inand switch_out
implemented depedingon the result of the data dependent speed functidd (Algorithm 2.1 lines 4

and 6), and) is the size of the Gaussian filt€@ applied over the contour in order to smooth it. The
parameter( is set higher thad to minimize the sid effect of the smoothness regularization which
weakens the sharp corners of the contoérhigh value ofd guarantees that the contour of an object
can be detected accurately when the first stopping condition is fulfilled. If not, it should ensure that
Algorithm 2.1 does not take a long time to achieve the second stop condition. The valueafnot be

large since it affects the size of the Gaussian filter, whith is 0 , and it should also be odd according

to the properties of the Gaussiantéir. As the size of the Gaussian filter gets larger, the processing time
becomes longer. From the point of view of efficiengy,should therefore be small.

The initial level set function contour has an important impact of the quality of results and the
computation time for the level set methof38]. The goal is therefore to identify a best possible
initialization for the level set. This can be achieved by a proper initial identificafithe object in the
visual scene, supported in turns by a background removal algorithm and even further by user guidance.

In conclusion, objeabr contourtrackingrepresentimportant tasks within the field of computer vision,
which have been widely usd in some typical fields of automated surveillance, traffic monitoring and so
on. Object tracking is commonly used forotion analysis|t consists in detecting the object of interest,
tracking it from frame to frame, and analyzing it in order to recogitzbehaviol[39]. The fast level set
method described in this sectiosdction2.3.2.2) is used in the context of this thesis to segment and
track thecontour d anobject inanimage sequencg35]¢[37], as it is computationally simpland has

the potential capability to detect the contours in near réiahe. Furthermore, it is capable to track
contours of two independent objects even when a collision occurs between them, while working on
grayscale and color images as well.

2.3.3 Random Sample Consensus (RANSAC)

RANSAGhe random sample consensus (RANSAC) algoritta® introduced by Fischler and Bol[é8)].

It is a robust parameter estimiain approach for generating a mathematical model from a set of data
with a limited number of iterations. RANSAC is widely used to detect and segment objects with common
geometric structures including lines, planes, cylinders and sph&&BISAC consistssentially in the
iteration of two steps: hypothesis generation and hypothesis evaluation. It generates a hypothesis from
a random sample subset with minimal data points of the input data, and verifies the hypothesis for the
entire dataset. A data elemend considered as an outlier if it does not fit the hypothesis well, otherwise

it is an inlier. The consensus set is composed of all the inliers. The algorithm will stop after a given
number of iterations with the estimated parameters for theodel extractedfrom the largest consensus

set. The RANSAC algorithm is used in this thesis for background removal, as will be detslegitbin

3.3.1.
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2.3.4 Log-Polar Transform

Thelog-polar transform simulates, to some extent, the human visual model, in which a high resolution
around the fovea allows the eye to fixate on an object of interest, while the rest of visual information is
encoded at a lower resolution. In this work, the central bigpbt nodel is used because it is rotation
and scale invarianf41]. The logpolar mapping of the imagalso has the potential to contribute to
improve the image segmentatigd1]c[43]. In these papers, a legolar transformation is applied oan
Cartesian image before segmentiiign order to extract the contour, edge or shape @n object of
interest. Compared to the background, the object of interest fills a relatively large area ingpolar
(cortical)image. In other words, the legolar mapping enlarges the percentage of coverage of an object
of interest in the whole imagavhich is an advantage that this research capitalizes on

The approach of the blindpot model for mappinghe Cartesian domaincfio into the logpolar
(cortical) domain , h- has been proposed if33] [37] With the polar coordinates” h—

© @hdi wouké derived from the Cartesian coordinatesfto of a pixel, the continuous
log-polar coordinates can be defined @igl]:

(2.12)

where @is a parameter of the notinearity of the mappingand” represents the radius of the central
blind spot such that all points in the range”ofare ignored.

The coordinatesoh) of the discrete logpolar image are defined 444]:

0
v

0
10

% n

(2.13)

o 8

where@denotes the integer part, and  "W¢“ is a parameter representing the angular resolution.

This discrete mapping is a ntinear transformation that maps a digital Cartesian imagéof 0 pixels
into a discrete cortical image oY (rings) “Y(sectors) pixels. The optima¥can be obtained by
Y ¢“T® p for a given'Y [44]. In Equation 2.12(0 Q T T can be obtained with a
defined ” T™®min "® . In Equation 2.130 N pHRY and 0 v pRY and the most favorable
relationship betweerlY and “Yis to optimize the pixel aspect ratio close enough tp18]. The retina
image is obtained by the inverse pglar mapping that follows the same princigjet].

Figure 2.2 shows a template of the mapping of an image from the Cartesian domain to {heldog
domain with the parametersY = 12,"Y= 31.The fuchsia ring, the cyan sector and the yellow receptive
field (RF in the Cartesian domain correspond to the fuchsia column, the cyan row, and the yellow cell,
respectively, in the logolar domain. The R#fenotesan area of intersection between a sectand a

ring in the Cartesian domain, as shown in Figure Ph2. center of the round template (Figure 2.2a) is
the blind spot, with its surrounding first ring represamgthe maximum resolution as the first column of
the cortical image (Figure 2.2b).
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The shape oftthe RFaffects the efficiency and quality of the transformation. Chessa et4dl]
demonstrate that bilinear interpolatioroffers the best performance and is therefothe solution
chosenfor this thesis.That is, the value of each pixel of the Jpglar (cortical) image is acquired from
the interpolation of the values of four neighboring pixels that are located nearest to the corresponding
RF in the Cartesian domain.

(b)

Figure2.2: A template example maps from: (a) the Cartesian domain to (b) thpdtag domain.
2.3.5 Clustering Techniques

Clustering approaches aim at dividing a point cloud intoessv clusters according to spatial
decomposition techniques that allow the points to be grouped together based on a given measure, such
as the Manhattan distance or the Euclidean distaf@6]. Clusters are obtained by searching the
neighboring points within a given distance in the point cloud. Alternatively, other solutions could be
employed for this purpose, for example the coelmsed region growing segmentation that searches
clusters in tle point cloud by taking both color and distance into consideration. However, such a
solution takesa longer time to process the data compared to a clustering approach based on Euclidean
distance alone.

In the context of this work, &-dimensionalk-d) tree structure is exploited to support a faster neighbor
search. As proposed and improved by Benf¥], ak-d tree is a spatial decomposition technique for
organizing a set of points inlkadimensional space and is exhaustively discussed in the liter@d8ie

[49]. Thek-d tree is a binary tree in which each node representsdemensional point. Constructingka

d tree structure data implies splitting the data by using a hyperplane that is perpendicular to the
corresponding axis. That is, at the root of the tree all dlaga is split based on the first dimension; each
depth down in the tree divides on the next dimension, returning to the first dimension once all others
have been exhausted. This structure contributes to ensure effective range search processes, and
especidly makes searching for nearest neighbf8] or fixedradius near neighborb1] extremely fast

and accelerates distandeased clustering48]. Several paperfs2]¢[55] employ the algorithm ok-d

tree for searching nearest neighbors in order to simplify and generalize the searching process.
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The algorithm for the construction @fk-d tree is summarized in Algorithm 2426] [56] [57] With the
input of ak-dimensional point cloud), the algorithm arranges the point cloud into a tree structure.

Algorithm 2.2K-d tree construction algorithm

1: function BuldKdtree(, Q)

N

if 0.empty()then

3: returnn

4: elseif 0.singleton()

5: return a leaf storing this point

6: else

7: Sab w Qi Qb Q

8: Sat  median(, © ®)Qi

9: Sdl  leftPoints(, & @)JQY  rightPoints(, ¢ & )Qi

10:  Set ¢ &dNodef )

MMY V2R®PpFFI Hw . dzAf RYRGNBSH
MHY Y2RSOWRIKI/ KAt R v . dzAf RYRGNBSO
13:  return node

14: endif

15: end function

In the context of this worka three-dimensional tree will be used, as the work focuses on 3D point cloud
recuperated bya Kinectsensor An example of constructed a thremensional tree is illustrated in

Figure 2.3. For a set of data points of coordinatsdt , the depths wald be cycled agy @ &, &3 &

a... for successive depths of tlked tree [58]. Figure 2.3 shows the structure of a®nensional tree and

the splitting hyperplanes. At the root, the set of data is partitioned withwealigned splitting plane, for

its children the partition usesraligned splitting planes, for its grandchildren the partition is performed

with ¢-aligned splitting planes, fats great grandchildren the partition is based araligned splitting

planes again, and so on. The medians of the points are selected at each depth of the tree and being used
as splitting planes, with respect tbeir coordinates in the axis.

To better eplain the working principle of-# trees, we consider the following example in [1Bat is
based on the following 15 input points: (2,3,3), (5.4,2), (9,6,7), (4,7,9), (8,1,5), (7,2,6), (9,4,1), (8,4,2),
(9,7,8), (6,3,1), (3,4,5), (1,6,8), (9,5,3), (2,18,7,6) for which &-d tree is built:
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w . S3AYY AdcBordindtd] the nied&ia® of values of all points over theoordinate is found,
which is 7, so that (7,2,6) is picked as the root node from all the points (Figure 2.4). The points whose
values ofwcoordinate are smaller than the median are placed in the left subtree; the points whose
values ofwcoordinate are larger than the median are situated in the right subtree.

w ' GKS UNBS RSLIK w3z St OKthebFoordifate. ThedrediaNB $e A & LJ
wcoordinate of the points from the left subtree of (7,2,6) is 4, so that (5,4,2) is picked as the left node of
the subtree. The points whose valueswefoordinate are smaller than the median are placed in the left
subtree; the points whose values dfcoordinate are larger than the median are placed in the right
subtree. The same process is used for the right subtree of (7,2,6).

w G (§KS RS LI Krcoordigate isicHosen td paBitd X thelp&irEhe median of ther-
coordinate of points from the left subtree of (5,4,2) is 3, so that (2,1,3) is picked as the left node of the
subtree of (5,4,2). The points whose valuayafoordinate is smaller than the median are placed in the
left subtree; the pints whose value of-coordinate is larger than the median are placed in the right
subtree. The same principle is applied to the left and right subtrees of (9,5,3).

w !t (KS RS LI Kocaordifiate isichio&n agddté Fartitiorkits: psinHowever, each
subtree of the nodes of depth 2 just contains a single point. All these points are considered as the nodes
of depth 3 of the tree.

Figure2.3: An example of a thredimensional tree.

Figure 2.4 shows the resulting tree structure.

Thek-d tree construction algorithm (Algorithm 2.2) is applied in the context of this thesis to the entire
point cloud collected by the Kinect sensor. The establidhddree structure aims to organize data t
enable a faster search. For example, it enables faster identification of the nearest neighbor point of a
given point by capitalizing on the tree structured data. Beginning with the root of the trek-dheee
construction algorithm saves the root dset current bestpoint and navigates down the tree; it moves
each depth down in the treesaving the current node as the current best point if it is closer to the target
point; the algorithm terminates whenever no node is closer than the current best pairgach depth,

the algorithm proceeds along either left or right subtree, which speeds up the searching process while

19



comparing distances between all the points and the given point. This demonstrates the advantage of
using thek-d tree algorithm to struatre and search the neighboring points from a large set of data
effectively and efficiently.
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Figure2.4: An example of -8l tree.
2.4 Contour Matching for Object Characterization

As highlighted in section 2.2ven though great research effort was invested in modeling deformable
objects in order to imitate their behavior, to study the material they are made of, or to improve the
process of manipulating an object, few research initiatives have so far addrdsséssue of a model

free characterization of the deformation behavior. In this thesis, the goal is to characterize and classify
objects according tthe materialthey arecomposed of, and thereforeategorizethe expected behavior

of an object when submited to manipulation, based on how the contours of the object, tracked using
the fast level set method but without constructing a model, evolve.

In the work ofSun and Sup€59], a Bayesian classification is performed to classify objects based on
their contour. A parbased approach is favored, which uses the partial contour of the object instead of
the entire one. The landmarks employed are two endpoints. Bai ¢6@].combine both contour and
skeleton informatim for shape classification. The contour and sieleton of a given 2D object are
extracted and used together as the shape model of the object. A prior training for the classification
system is required. Cretu et 461] investigatethe problem of learning the properties of deformable
objects under the manipulatio of arobotic hand Contours of a deformable object are tracked from a
sequence of images as the inputs of a neural network that is used to classify and predict the object
deformable behavior under future or virtual manipulation. The classification behard prediction

rely on the choice of a fixed number of nodégandmarks)n the neural gas network, which is also used

to identify and model the tracked contour. While interesting as a concept, the method also requires a
training process prior to its @s Gonzalesosa et al[62] propose an approach to compare the human
body shape using MMW images (millimetre wave ingygtn this apprach, landmarks selected on a
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pair of detected body contours are matched by using dynamic time warping and the similarity of the
body shapess determinedby the accumulated distance in between the pairwise landmarks.

Generally, landmarki9]¢[62] have been used to represent a typical characteristic of an object contour
or shape.A @ntour is able to represent detaile@D shape information but is sensitive to nomigid
deformations[60]. Some researcher$1] [62] investigated the change of a pair of contours through
comparing the displacements of contours in pairs by using contour information. The resef@thasfd

[62] localizes landmarks over a pair of objexntours, establishes the correspondence in between
landmarks of two contours and then calculates the displaceméntsetweenthis pair of contours.
However, the identification of landmarks, to represent the entire object, over the object contour is a
difficult task.

One possible solution to deal with contours that do not have an equal length is dynamic time warping
(DTW). It can be employed testablish the correspondence of pixels of two contours of an object
independently from the varying length of theacked contour as the object deforms. It is a wailbwn
technique used on general sequences to establish correspondence between th§#B], Ithe author
introduces the concept of DTW, provides a detailed algorithm andritbescits use in fields such as data
mining and information retrieval. DTW is originally applied to compare different speech patterns in
automatic speech recognitiof64]. It has also beenuscessfully applied for signature recognitiffb],

shape matching66]¢[69], motion retrieval63] [70]and even face featuredetection[71].

The algorithm obtains the optimal matching between two sequences by finding the optimal warping
path, which is the one with the minimal total cost, in the DTW distance matrix of two sequences.
Originating from the computationally expensive classical D8férte matrix, several ideas have been
proposed for speeding up the process, such as the global constraint conditions on the admissible
warping pathd63] and its extension§r2]¢[74], the step size conditiofor constraining the slope of the
admissible warping path$3], and local weights for calculating the local cost equaf&s).

DTW copes with the problem of aligning two sequences with arbitlangths. It is employed to
establish the correspondence between two contour SEqUENEES e B3 mm [ hum Of length

and 6 A ha FB3ha B ha of length¥ . In order to compare the difference 6f and 6 , the local
cost or distance matriis computed to evaluate the similarity in between each pair of pixels from the
sequence ofy and® . Each element of the distance mati& FE represents the Euclidean distance
between the pixelss , from the first contour and the pixela , from the secondontour [73]. The value

of Qa e is low (low cost) it=a and o are similar to each other in their relative location, or high
otherwise[63]. Algorithm 2.3 illustites the process of filling a warping matrix with the distance matrix
Q[73].

Algorithm 2.3Standard DTW algorithm

Input:

0 w85 B hem  Sequence of length ;
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o) A ha F8ha B ha  sequence of length .
Output:

O"Yw warping matrix.

1:0"Yw matrix 0 phd  p

2: Initializ€0 Yo it H

3: Initializ€0 "Yorte  Hb

4:0°Ydrn T

5:fora  pDO do

6: fort¢ pDOdo

) . O'Yax phe

7. O'Yeufe Qaf 1 ET O'YasRk p
O"Yor pkE p

8: endfor

9: end for

10:return O Yo H

where theO "Yarepresents the warping matrix.

Figure2.5: Example of a warping matrix (eac#llrepresents a pixel of the image).

In practice, to improve the computation time, the warping matrix is calculated with an additional locality
constrainti , proposed by Lemirg72]. This means that for the contour sequendesand0 , instead of
calculating the DTW distance over all pairs of pixels, the DTW distance is only calculated for the part of
warping matrix where the conditiorg) 0s i is satisfied. With this locality constraint, the
computedDTW(distance is restricted to a band (shown in gray in Figure 2.5), along the diagonal of the
warping matrix, which speeds up the DTW distance calculation. As such, in Figure 2.5, ¢haredst
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are eliminated from the calculations in order to reduce the computation time. The standard DTW
algorithm with locality constraint is summarized as folld6&):

Algorithm 2.4Conditional DTW algorithm

Input:
0  mmitem/BH e (B hem  sequence of length ;
6 A ha FB3ha 1B ha  sequence of length .
Output:

O"Yw warping matrix.

1:0"Y® matrix 0 ph p

21 =maxild 0Os

3:fora DO do

4: for¢ mDO do

5. O"Yadhke  Hb

6: endfor

7:endfor

8:0"Yortmt T

9:fora  pDO do

10: foré¢ maxphx 1 DminGh i

) . O%Yau pFe

11: O"Yéafe Qafe [ ET O'YaaRk p
O"Yot pkE p

12: endfor

13:end for

14:return O Yo M

wherei is set empirically. The optimal warping path, is the one with the minimal overall cosom
the DTW matrix. It is represented by the series of black pixels in Figure 2.5. Each element of the optimal
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warping path indicates the correspondence between a pair of pixels from the contours sequences
and 6 , respectively. The optimal warpingath is depicted by a sequence 0 b B B
where 0 G, max0 0 O 0 ,and0 is the length of the warping path. This
warping path must satisfy the following three conditid68]:

Warping path conditions

1: Boundary conditiond php and0 O R ;
2: Monotonicity conditiontx a 88 a ande ¢ 8B ¢ ;

3: Step size conditior O N phthrip hplp foray pld p8

This optimal pathw , is computed in reverse order of the indices starting with 0 F) . Suppose
0 & FE has been computed. Oncé G e is calculated, ifd Fe plp andd p,w
is completed; otherwise, the next elements are defined ushegfollowing equatiorj63]:
ple ph EGE p
0 & phph ESE p (2.14)
AOCI EVYwa pfE phO"Yor phE FO"YawahRe p Al OEAOx EOA
With the above threavarping path conditionsthe warping path matches the two contour sequendes

and0 by assigning the pixal 0f 0 to the closest pixel of 0 , so that an elemend of the warping
path stands for a pair of pixele= ha .

Due to its potential to cope with the problem of establishing the correspondence between pixels of two
contour sequences with different lengths, unlike classical solutions that require doemrge pixel
(point) correspondence of contouf61], [62] the DTW algorithm offers a viable solution for comparing
tracked deformable contours that will be exploited in the context of this thesis.

2.5 Summary of Literature Review

This chapter surveyed various classical approafibesthe literature for image segmentation, including
region splitting, region growing and the watershed algorithm. A common issue with these algorithms is
that pixels are clustered based on themtdnsity which leads to inefficiencies when tracking the
topological changes of the contour of an object. The fast level set method provides an interesting
alternative to extract complete objects and track, in near tgak, their contour during deformatin, as
happens when an object is submitted to external forces. The majority of level set methods require an
initial curve that can be situated anywhere within the image in the Cartesian domain. With the goal to
alleviate this limitation, alternative mappinmethods such as theg-polar representation of the color

map hase been studiedThese will be exploited in the current work to improve and adapt the fast level
set method to the context of deformable object contour tracking.

The literature review alsoceweals many approaches to support the characterization of objects. Some of
these approaches commonly employ contour information, often represented as features from the
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contour, or landmarks distributed over the contour. However, few methods support theoia# the
pixels composing the contour of an objetany approaches build a mathematical representation of
either 2D or 3D data to approximate the objeThey then attempt to minimize the difference between
the model and the deformation of an object simulate, study and predict the deformation process. But
given that this research focuses on the moftee material characterization of deformable objects,
solutions for matching contour descriptors, especially those formed by level sets, were studibdiss
dynamic time warping, which provides an interesting path for the classification of deformable objects
into categories that will be discussed in the following chapter.
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Chapter 3 Object Deformation Tracking and Material Behavior -
Based Classification

In this chapter, an integrated approach is proposed for automated visual monitoring and material
behaviorbased classification of deformable objects using a robotic manipulation process. This chapter is
composed of threemain parts, namely: data acquisitiorsegmentation and tracking, and material
behaviorbased classification.

3.1 Proposed Approach for Object Deformation Tracking and Material
Behavior -Based Classification

The proposed system designed to perform object deformation monitoring and classifieaonding to
the material the object is composed of operates from His@ata, as illustrated in Figure 3.1

1
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Figure 3.1: Flowchart of object detection, deformation tracking, and material behaviorbased
classification.

It can be briefly summarized as follows: The object shape is acquired using a Kinect for Xbox 360 sensor.
The RGECartesianimage, its corresponding point cloud (depth image) acquired by the Kinect sensor,
and a user selected point in the R@&fage, here called the 2D fixation poimthich guides the system
towards the location of the object of interest, are taken as inputs by the object segmentation and
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tracking algorithm. The tracking is achieved using the fast level set method. Howevev,soluion is
proposed for initializing the fast level set method. First, a 3D fixation point is calculated from the 2D
fixation point, using a 23D mapping in the RGB data based on the given inputs. Next, the point cloud
recuperated from the Kinect ssor is processed through a background removal operation using the
RANSAC algorithm. The motivation for this operation is to eliminate as many undesirable elasents
possible(e.g. measurement table and other measuring equipment visible in thelR@Ra sream) for

a better identification of the object shape and thus a reduction of the processing time. Then, a cluster
representing the object of interest is extracted by searching the neighbor points of the computed 3D
fixation point from the remaining parof the point cloud after background removal. After that, the
identified 3D points are projected back to 2D and the bounding window around the identified object is
computed based on the resulting projection in the RGB image. Furthermore, the region vhithin t
bounding image is encoded in the YUV color spand one of the U or V componentsaatomatically
selected for being further processethis choice is justified by the desire to work with higher contrast to
enable more accurate segmentatiofhe bounding window of the selected color component (U or V) is
mapped into the logpolar (or cortical) domain using the lpwplar mapping. A fast level set method is
applied on the cortical bounding window of the selected color component to detect eauk tthe
contour of the object of intereswhile it is manipulated by eobotic hand Finally, the cortical object
contour is transformed back to the Cartesian domain of the RGB iif@agatroduced in section 2.3.4)

The resulting contour then supports automated classification stage to characterize the physical
behavior of an object according to the material is it composed of.

In the classification stage, three representative object contours are extracted from the sequence of
frames captured during a pdetermined manipulation process of the object that is designed to support
the object characterization procedure. Each frame contains the extracted contours of the object. A
dynamic time warping (DTW) approach is applied to establish pairwise correspentetweeen three
contours during the classification process. The object is categorized using this approach as being
composed of elastic, plastic, elaghtastic or rigid material, or for more complex objects, as exhibiting

an elastic, plastic, elastolastic, or rigid stage of deformation. The purpose of this characterization is to
enhance manipulation capabilities forrabotic handby dealing efficiently with deformable objects
composed of different materials that impact their physical behavior.

The detdls for every step of the proposed procedure are presented in the following sections. Section 3.2
presents the acquisition of the datan the object,including the capture of the color image, the depth
image and the point cloud, the 2D fixation point s¢il@e and the algorithm for mapping this point to

3D. Section 3.3 details the implementation thie proposed solution fosegmentation andcontour
tracking, consisting of a background removal procedure based on the RANSAC algorithm, an object
cluster identiication usinga proposed custon8D cluster extraction algorithm, a robust color selection
scheme to enhance the object contour detection, and an origioahulation of the fast level set
method in the logpolar domain.Section 3.4 presents the implemetitan of the object material
classification procedure which establishes contour correspondences based on dynamic time warping to
classify the object as belongingéiaher the elastic, plastic, elastplastic or rigid category.
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3.2 Data Acquisition

This section presents the acquisition of RGBata using a Kinect sensor and the procedurpiti a
userselected point thahelps locate andransformthe object of interest from the color image to the 3D
space, where it will serve to refine the objegigmentation procedure.

3.2.1 RGBD Data

The proposed system takes as inputs the RGB image and the corresponding point cloud collected by a
Kinect for Xbox 360 sensor, as illustrated in Figure 3.2.

(b)
Figure3.2: (a) RGB image (64480) from Kinect, and (b) raw point cloud from Kinect.

A detailed description of the sensor, asll as of the software used to collect the data, is provided with
the experimental results in chapter 4.

3.2.2 2D Fixation Point

User guidance to help with the initialization of tracking algorithms is common in the current literature. A
userselected pait can efficiently guide the system towards the location of the object of interest. For
example, a prior segmentation of the object of interest is assumed to be availaf@lg or the user is
asked to crop the object in the initial frame[Rl, [42], [43] In the current work, a single fixation point is
used that can be selected randomly by a human operator over the object of interest. This simple
procedure alleviates thaneed for complex object recognition and localization algorithms, which is
beyond the scope of this thesis.

The coordinates of the useaelected fixation point are used by the system to indicate only the general
location of the object over the field of weof the Kinect sensor. The idea of using a central fixation
point is inspired by the work of Mishra et §42] [43], where the fixation point plays an important role

as the center of the transformation. The authors suggest that human retina fixates an interesting object
with a high resolution captured by the fea, while the rest of the visual information is processed at
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lower resolution. In the current work, this process is replicated by the use of-polag mapping to
perform contour detection and tracking. In the lpglar map, the 2D fixation point representhe
center of the transformation, where the precision of the Joglar image is maximal.

Upon analyzing a sequence of RGBata, a useselected point is picked in the first frame, as depicted
by the green dot in Figure 3.3, and fed in the system itiaity guide the algorithm towards the location

of the object of interest. In this work, a single fixation point is needed and it can be selected randomly
over the object of interest. This selection is only required in the first frame of the data stnedrallaws

the system to rapidly locate the deformable object independently from its color, shape, location or
orientation in the workspace, and also independently from the complexity of the background or from
the relative configuration of theobotic handand Kinect sensor. The coordinates of the selected point
are used by the system to indicate the general location of the object. Experimesisc(ion4.2.4) will
demonstrate that while the algorithm works regardless of the position of this point ovesuhiace of

the object of interest, a 2D fixation poink= , chosen roughly at the center of the object leads in
general to more accurate contour estimation.

Figure3.3: Fixation point selection ovebject of interest.
3.2.3 2D-3D Mapping

Due to the fact that the depth and RGB cameras are physically separated inside the Kinect sensor,
before any processing can be applied, the depth image and the color image have to be registered
(hardware details onhe Kinect sensor and the software nodes used for registration are provided in
section 4.1.1). The mapping refers in this section to a correspondence between apixedf the color

(RGB) image and a poirbhhd of the point cloud.

A 2D3D mapping that takes into consideration the intrinsic calibration parameters of the Kinect sensor
is applied to estimate the coordinates in the point cloud of the 3D fixation paint, corresponding to

the 2D fixation pointm= , in the RGB image. Aftehd registration of the depth image and the color
imagecollectedby the Kinect sensor, the pixak Gfto in the RGB image has a matching location in
the depth image. If the depth value of the 2D fixation point relative to the depth image is deasted
Q Qa6 , the coordinates of the 3D fixation poiak GO can be computed using the intrinsic
parameters of the depth camera as folloj{i5]:
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® 0 0 G (3.1a)
d O ® W (3.1b)
®  'QQmaMn (3.1¢)

where the matrix of the intrinsic parameters[i&]:

1 Er

(3.2)

and where

w'Q and™Q are the focal lengths of the depth camera along thand waxis respectively in pik
units;

corfol ando?o‘ represent the coordinates of the principal point of the depth camera in pixel units.

The estimated 3D fixation poimks IO is used as a guideline to separate the object of interest
from the point cloud in the following section.

3.3 Segmentation and Contour Tracking

This section discusses the implementation of the object of int€&sgmentation from the background

and the traction and tracking of its contour. A background removal procedure based on the RANSAC
algorithm and applied over the point cloud, followed by a fixadius near neighbors search identifies

the most probable 3D points representing the object of intérdhe color image corresponding to this
limited point cloud is further analyzed in the YUV color spkoe this purposga robust color selection
scheme is proposed to be employed prior to the application of a novel formulation of the fast level set
method in the logpolar domain that enables near retne contour identification, and subsequently

the contour tracking in the data stream.

3.3.1 RANSAGBased Algorithm for Background Removal

The segmentation and simplification of data have an extreme impogan point cloud processing to
enable fast computation and retime tracking of a contour. The initial goal is therefore to separate in
the best possible way the points representing the object of interest from the background in th® RGB
data stream. Inthis section, the RANSAC algorithm, briefly introduced in section 2.3.3, is adapted for
identifying the background and removing it from the point cloud.

3.3.1.1 Planar Surface Background Identification

For the experimentation phase conducted in the comtekthis research, the objesthose material is
being characterized is placed inrabotic handinstalled over a table, as shown in Figure 3.2a. The
assumption that the object of interest lies over a planar background located behind the object is
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therefore made. This choice is justified by the fact that the goal of the research is on developing an
automated characterization process for deformable objects, and not on the development of fully
autonomous and comprehensive solutions for 3D object detectiarglipation, and manipulation over
cluttered backgrounds.

Given this assumption, an efficient way to remove most of the background is to locate the planar
surface representing the table and to extract that surface from the-R@Bta.This planar surface the
closest large surface to the object and its identification has an impact on better defining the area within
which the object lies. The approximate localization of the planar surface corresponding to the table can
be achieved using the random samptmsensus (RANSAC) algorithis.discussed isection2.3.3, the
RANSAC algorithm is especiallyjtable for generating mathematical modelsf geometric structures,
including planes, whichre here used as a representation of the table surfaiee algoritim is applied

over the 3D point cloud representing the depth information in the RGi#ata stream. Its purpose is to
estimate a best plane model, defined a®w ww @& Q 71 in the point cloud. Its
implementation is summarized as follows:

Algorithm 3.1RANSAC algorithm for table identification

Input:

i minimum size of a sample set (iie. 0)

0 distance theshold (i.e6 pcm)

0 number of iterations based on Algorithm 3.2

06 wwir,mmis GO 3-dimensional point cloud

"Ywhere'YO 0 6 randomly selected sample sef)¥ i

M OO OO 0a Q function that computes the model parameters,

—  ShohaiQ from"y

OOt ——— distance from a pointtothe pland® ©®w ®& Q T
Output:

— plane model parameters

Y largest consensus set (inliers) of theramodel

1:¢ m— 0
2:Seth v ! f I2BRAOGKY oo
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3:while 0 ¢ do
4:  Selecty O 0 6suchthatsYs i
5. Compute— Q7Y

6. ifmmdo "Y" OO— humdt  othen

7 YH weit
8: endif
9: Reompute— Q7Y

10: ifs'Ys $Ysthen

11: YOY
12: = —
13: endif

14: ¢ & p
15:end while

16: ReturnY, —

In the algorithm, the inpub 6 _4} is a point cloud recuperated from the data stream of the Kinect
sensor, Where_JHL whohx  presents the vector of the-8imensional pointsAs at least three non
collinear points are required to estimate the plane model, the minimum size of the sample setet

to 3. The distancéhreshold,this usually chosen epirically (section 4.2.1) anitere set tod p cm to
ensure a good balance between the quality of the results for the planar surface removal and the
processing time.

An important challenge with the RANSAC algorithm is to determine a proper stopitieigon for the
algorithm. Generally, a randomly selected number of iteratiansmay lead to two situations: if the
selected number is too low, the RANSAC algorithm cannot estimate the best planar model from the
input point cloud; if the selected nune is too high, the algorithm would generate the best planar
model, but the increased number of iterations will waste time. Instead, the number of iterafigrean

be chosen according to Hartley and Zisserrfiégs] as being sufficiently high to ensure, with a certain
probability, ], that at least one of the sets of random samples does notidechn outlier. Usually) is
conservatively setto 0.9g5]® [ S . 0S5 Gtk selddtd ddtapadirtt i& anénlied) Wiiile

M b . Aada GKS LINRPOlIOoAfAGE 2F 20aSNBAYy3 |y 2dzif ASN
model estimation has the minimal sizs, at leastN iterations need to be performed, wherep

1 p N[75] thus:
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65 —— (3.3)

In practice, the proportion of outlier§,, cannot be estimated in advance. Therefore, the algorithm to
determine the suitable number of iterations starts with the worst case ahd updates the estimation
of 0 as the conputation progresses. This adaptive approach for the calculatian isf summarized in
Algorithm 3.2.

Algorithm 3.2Number of iterations calculation for RANSAC

1:0 Ho, sample number = @, = 0.99
2: while b > sample countlo

3. Choose a random sample and count the number of inliers

4: Set =

5: Seb

6: sample number = sample number + 1

7: end while

3.3.1.2 Planar Surface Segmentation and Removal

Once the best planar surface model is available, the flat surface that corresponds to the majority of the
background as perceived by the Kinect sensor, now represented by the inliers of this model, is removed
from the point cloud to oktin the reduced point cloud after the planar surface extraction. This process

is summarized in Algorithm 3.3.

Algorithm 3.3Planar surface removal algorithm

Input:
L O 3-dimensional point cloud

"Y,"Y OO 6 largestconsensus set (inliers) of the planar surface model
Output:

068 point cloud after planar surface extraction

1: RetrievéY from 0 6based on Algorithm 3.1
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2: Obtain the reduced point cloud after planar surface extracioh 0 6 Y

3:Return0 6’

An example of the reduced point cloud, &, obtained after removal of the table surface and the
dominant background components seen in Figure 3.4a is shown in Figure 3.4b. It is noticeable that with
this solution, the objet of interest is not yet fully segmented from the background, as components
closer (inspatial distanckto the object of interest remain as part of the reduced point clodidj.

Further processing is therefore required to fully extract the clusteraioimg the object of interest.

(@) (b)

Figure3.4: (a) Raw point clouftom Kinect, and (b) point cloud after table surface removal.

3.3.2 Object-of-Interest Cluster Extraction

Theextraction of thecluster of theobject of interest is necessariyn orderto initialize the fast level set
method. The initialization is detailéd section 3.3.6.

An alternative to theuse ofthis solutionwould beto use an edgé&letectorto support theinitialization
of the level set method. However, it is complex to extract the edgfehe object of interest from each
frame due to the complicatd setup. There are several objects lying on the table, including cdhées,
robotic hand and other objectthat can hardly be removed from the field of viewhich leadgo the
difficulty of extracting onlythe edgesthat belong tothe object of interestamongall the edgegypically
detectedin aframe using classical edge detectors

Once the planar background surface is extracted frompgbmt clouddata, the next step consists of
narrowing down the search area to the object of interest in the reduced point cloul, Different from

the general clustering methods found in the literature that aim at segmenting separate objects, the
purpose of the pocedure defined here is to extract one single clustehnjch is the cluster containing

the nearest elements to the given input point identified by the user (2D fixation point) in a Euclidean
sense from the remaining point cloud from which the planar stefhas been removed. The process is
illustrated in Figure 3.5. This approach can also support the initialization process in general scenarios
where the assumption of a planar surface dominating the background of the object of interest cannot be
made, and a a consequence, the simplification process proposed in section 3.3.1 cannot be performed.

34



The solution capitalizes onkad tree structure and the use of tHenearest neighbors search algorithm

as well as thdixed-radius near neighbors search algorithBecause the point cloud recuperated from

the Kinect sensor is unstructured, and in order to find the neighbor of each point contained thekein, a

d tree data structure, as described in section 2.3.5, is created to support a faster nearest neighbors
searth and a more effectivdixed-radius near neighbors searcfTherefore, ak-nearest neighbors
search is applied to identify thenearest points'Q¢, i the reduced point cloud)6°, to the estimated

3D fixation poiNtm .

K-nearest Radius Nearest

2D-3D Mapping Neighbors Searc Neighbors Search

2D Fixation Point > 3D Fixation Point > 100 Nearest Neighbors » Cluster of Interested Object

Figure3.5: Flowchart oinglecluster ofinterestextraction.

The proposed algorithm for cluster extraction based on a given input point consists of finding the
subdivisions and boundaries to allow the data to be grouped togeliased on a given measure of

& LINR E JM8)AThe rheasure used in the current work is the Euclidean distancielCartesian
domain, given two pointsesdr N @M O MO and wdfr A OMOM O in the 3
dimensional space, the Euclidean distance is calculated as:

S G S0 N No N  No n& N & .Thegiven input point for

the cluster extraction algorithm is the 3D fixation poials , computed from its corresponding 2D
fixation point using the 23D mapping, as described saction 3.2.3 However, because an estimation
based on the intrinsic pameters of the Kinect sensor is used to approximate the location of the 3D
fixation point (Equation 3.1), and also due to the errors in depth that characterize the Kinect sensor, the
computed 3D coordinates for the fixation point might not correspondatoexisting 3D point in the
point cloud. To tackle this issue,kenearest neighbors research is applied to identify theearest
points,"Q¢, i the point cloud)d &, to the estimated 3D fixation poinks . An empirically chosen value

of 100 & used to accelerate the computation of the clustering approach, also guaranteeing that the
cluster of the object of interest contains at least 100 points. Kdmearest neighbors search algorithm
[48]is used to searci¢ with first Qpoints setas follows:

Algorithm 3.4K-nearest neighbors algorithm for searchii@g With first Qpoints set

Input:

06 point cloud after planar surface removal

Q number of nearest neighbors
— input point, the estimated 3D fixation point
Output:

V& & set of Qnearestneighbors to the input point
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1: function ClusterExtraction( §, mm , Q

2: if 06°.empty()then
3: returnn
4: else

5: for every pointa in0 & do

6: calculate tiiiclideardistance betweerss and the pointa
7 sort theuclideardistances in increasing order

8: tak€tems with lowest distances t®¢ &

9: end for

10: endif

11: end function

Beginning with these 100 points, the neighborhood of each point is further researched for extra points
located within a maximum distanc€ . These points can be integrated in the objeéinterest clster.

The merging condition for these points to be considered in the cluster is the Euclidean radius. The
resulting object cluster is therefore composed of the initial 100 points augmented by any other points
discovered within the distance threshol@ . The latter distance is chosen empirically (its impact is
described insection 4.2.2) and here set to 5mnThe proposed approach to extract the objext
interest full cluster is summarized by the following algorithm:

Algorithm 3.5 3D objectof-interestcluster extraction algorithm

Input:

e R point cloud after planar surface removal

Qe ®© set of Qnearestneighbors to the estimated 3D fixation poimks (With "G:100)

Q spatial distance threshold for a point to also be considered as a neighbor
(setto 5 mm)

Output:

waoi o0Qi object cluster

1: function ClusterExtration @ &)
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2: if0 &.empty()then

3: returnn

4: else

5: Buil8-d tree representation 0b6°

6: Set up priority quetieof the points, which need to be checkdd,N Q¢ &

7:  for everymsicO 0O do

8: if all the points ind have been processetien
9: waoiN i

10: else

11: search the neighborslsedf meirin a sphere with radius ~ Q
12: for everymsirO 0 do

13: if mwa-has not been processetien

14: L

15: end if

16: end for

17: end if

18:  end for

19: end if

20: end function

The proposed algorithm leads to a cluster containing a single object of interest, as illustrated by the
resulting point cloud shown in Figure 3.6 that is extracted from the reduced data set shown in Figure
3.4b. The red and green axes visible kigure 3.6 represent the local reference frame, an intrinsic
feature of the Point Cloud Library (P{19] that is used to visualize 3D point clouds (red representthe

axis and green represents theaxis).Algorithm 3.5 is able to segment a cluster witiffetent sizes in

the point cloud, depending on how large the object of interest is with respect to the field of view of the
Kinect sensor. This provides increased robustness to the relative location of the sensor with respect to
the object of interest, asvill be demonstrated in section 4.3.Burthermore,’Q¢, @ne ofthe inputs of
Algorithm 3.5, is not limited to a set of points; it can ab&oa single point.
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Figure3.6: Objectof-interest clusterextracted from the point cloud shown in Figure 3.4(b).
3.3.3 3D-2D Mapping

Once the objecbf-interest cluster in 3D is identified, the corresponding cluster in the 2D color image is
recovered with the 3E2D mapping in order to initialize the level set tmur detection andtracking
method. The 332D mapping is used for projecting back the 3D coordinates to the 2D coordinates based
on the intrinsic properties of the Kinect sensor. The equations for the mapping of a 3D @biity to

a 2D pixel ¢fto are[15]:

I T ORI (ARHY (3.4a)
ARA T ORI (VA (3.4b)
where

w'Q and’Q  are the focal lengths of the RGB camera alarand w axis respectively in pixel
units;

w®d and®  represent thecoordinates of the principal point of the RGB camera in pixel units.

The group of 2D pixels corresponding to the 3D points in the selected cluster is then employed as
initialization for the level set method to be applied in the 2D color space. In partichka bounding
window with which the level set is initialized represents the bounding box of the projected 2D pixels
(the farthest left, right, up and down locations) plus a border of 50lpiaeound it An example of the
definition of the bounding winde based on the bacgrojected 2D pixels is shown in Figure 3.7. The
impact of the bounding window size is described in section 4.2.3. The yellow area represents the cluster
of backprojected 2D pixels identified using the 2D mapping of Equation 3.4; tlimtted line denotes

the bounding box that is a rectangle determined by the farthest left, right, up and down pixels; the solid
line bounding window is the bounding box enlarged by 50 pixels in all directions. This tolerance of 50
pixels is included to imease robustness in cases where the object shifts or turns during manipulation.
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This initialization process also contributes to the acceleration of the contour detection and tracking since
the initialization area is close to the real object dknest.

RGB Image Bounding Window

Y
L |

. ._iProjectedL_.
50 pixels 2D pixels

[ I ,,,,,,,,, \

Bounding Box

Figure3.7: An example of the bounding window, bounding box and projected 2D pixels.

The bounding window surrounding the object of interest is extracted from the input RGB image
sequence and transformed intbe logpolar domain for further processing.

3.3.4 Log-Polar Mapping of Color Object -of-Interest Cluster

In order to segment and track the objeat-interest contour,an original formulation ofhe fast level set
method in the logpolar domainis proposed As presented irsection 2.3.4 the logpolar transform
simulates some features of the human visual model. A significant advantage of using this transformation
is that the object of interest gets to fill a relatively large area of the correspondingdlag image
compared to the remaining background arebhe logpolar mapping is applied over the bounding
window obtained irsection3.3.3.

Figure 3.8a shows an example of the bounding window extracted from a Cartesian image, with the user
selected 2D fixatio point shown in green, while Figure 3.8&presents its corresponding lgaplar
(cortical) map.

As it can be observed in Figure 3.8b, provided that the fixation point is selected relatively centered over
the object of interest, the percentage of space opied by the object of interest in the lggplar map is
proportionally larger than in the Cartesian image. As thedolar map is centered on the fixation point,

the object of interest occupies a large part on the left side of the image, as the leftolostgs are the

ones that are closer to the 2D fixation point. This results in a suitable mapping at a higher resolution
over the region of interest. Moreover, the use of the4pglar mapping simplifies the search for contour
points along a somewhat vertit direction for objects that are generally symmetrical, as illustrated in
Figure 3.8b. Finally, the lgmplar mapping typically reduces the size of the representation with respect
to the original image (e.g., from 187 x 200 pixels to 93 x 167 pixel® inatbe shown in Figure 3.8),
based on the resolution of the lggplar mapping that optimizes the pixel aspect ratio (as defined in
section 2.3.4). This further contributes to accelerate the contour retrieval procedure. The influence of
the selection of thdixation point and the choice of the parameters is discussed in section 4.2.4.
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Later on, the fast level set method detailed in section 3.3.6 will be applied on one of the automatically
selected color components (section 3.3.5) of the resultingplolgr image to extract the contour of the
object of interest. As a result, the contour will also be initially retrieved in theptidgr domain. An
inverse logpolar mapping, resulting in a retinal image, as shown in Figure 3.8c, is therefore required to
represent the contour in the Cartesian domain, for evaluation and for supporting the classification phase
that will be detailed in section 3.4.

(@) (b)
Figure3.8: (a) Original Cartesian image (187x200); (bjploigr (cortical)image (93x167) obtained by
the logpolar mapping from (a); and (c) retinal image (187 x 200) obtained by the inverse mapping from

(0).

The application of the legolar transformation on the initial Cartesian image and the inverseptugr
transformationapplied on the contour segmented in the cortical domain affects the sharpness of the
reprojecion on the Cartesian domaito generate the retinal image, as can be seen in FigureThB is
analogous to the inner workings of the human eye, where the eéztvne around the fixation point has
high resolution and narrow field of view, while the periphery has a large field of view and lower
resolution[77]. As the results of this thesis demonstrate, the sharpness of the contour is not an issue
when classifying material elasticitfHowever, he results in thisthesis will be presented by
superimposing the contours onto the original Cartesian image rather than on the degraded retinal
image.For the sake of performing a complete evaluation, and further justifying the use of thmlag
transformation, section4.2.7 will report on an experimental comparison betweeontours detected

from the original Cartesian image aodntours detected from theéransformedimage into thecortical
image.

3.3.5 Color Component Selection

The level set method segments an image lobsea closed contour determined from transitions in the
color information. In this subsection, the proposed approach for the color space selection is described.
The goal is to create an automatic color component selection system that does not require user
intervention.
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Several color encoding schemes exist to represent the color components of an image. The color image
acquired by the Kinect sensor is using the RGB (red, green, and blue) color coding. The RGB color space
is commonly used for transmission,presentation, and storage of color images on both analog and
digital deviceg[78]. However, the RGB color space is often considered as apional choice for

machine vision because any change in the lightness or brightreffscts on the three color
components.Section 4.2.6vill illustratethat the RGB color space is hot the optimal choicedfetecting

the contour of the object of interest.

HSV and HSL are two wiellown cylindricatoordinate equivalent representationsf the RGB color

model [78]. HSV and HSL are both commonly used in computer graphics, especially in image editing. In
the HSV color space, H, S and V denote hue, saturation, and value. In the HSL color space, H, S, and L
denote hue, saturation, and lightnes&esidesthe V axis or the L axis, the HS plane encodes the
property of color. However, the HS plane uses polar coordinates which lead to difficulties in splitting the

H and S coordinates.

In this thesis, the YUV color &g is preferredwhere Y is the luminance of a color, and U and V
represent the two chromatic components. The simplified UV plane offers a more compact and therefore
faster solution to process color information. A transformation to the YUV color spaeefismed,and

either the U or the V component is selected as the feature for contour detection

The YUV color space can be derived directly from the RGB color space, as shown in EqUagpn 3.5

® ™ ww T YPX ™peT Y
Y T xpo® YYyyems ce O (3.5)
W TPULU TWPT W TP
The following figures exhibit the Yt&dded cortical imagelerived from the logpolar imagein Figure
3.8b, along with the corresponding U and V comgruis respectively.

(a) (b) (€)
Figure3.9: (a) YUModed cortical imagef Figure 3.8b; (b) U component of (a); and (c) V component of
(a).
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The color space selection is applied to the YUV codegdtay image obtained previously. The
proposed algorithm for the color space selection computésally the mean value of each konn in

the U component and the V component, respectively. Then, standard deviation values of all the mean
values are calculated in the U and V components, respegtioeer the entire logpolar map

YO - o Q kK EAQA-B wa (3.6)

where & arepresentsthe mean value of the U or the V componentfor each column, Ois the total

number of columns and "Y'Qdenotesthe standarddeviationvalue [79]. The standarddeviationis the

mostwidely usedmeasureof the spreadof a set of data values.A large standarddeviationvalue shows
that the meanvaluesof the columnsare quite different, while a smallstandarddeviationvalue shows
that the meanvauesof the columnshavea tendencyto be similar.In order to favor more contrasting
information in the log-polar mapto improve segmentationaccuracythe color component(U or V) with

the largeststandarddeviationamongits columnsis selectedas the feature on which the fast level set
method will proceed.The privilegedcolor channelcomponentis henceautomaticallyselectedfor each
testing scenarioamong these two possibilities. The fact that the luminance component (i.e. the Y
componentfrom the YUVcolor code)is not consideredn the processingeducesthe dependenceof the

solutionon the localintensity of colorsdueto different illumination conditionsand shadingeffects.

Figure3.10 showsthe meanvalue of eachcolumn of the U componentimage (Figure3.9b) and the V
componentimage(Figure3.9c),respectivelylt is obviousthat the meanvaluesof the columnsof the U
componenttend to be similar,while the onesof the V componenthavea wider distribution. In this case,
it is found that the standarddeviationvalue of the U componentis lower than the standarddeviation
value of the V component,therefore the V componentis selectedasthe feature for the fast level set
(section3.3.6)to be appliedon this image.

U component V component
mean of columns mean of columns
A mean of column A mean of column

255 255

=

128 128

> Number
-
of column

(a) (b)
Figure3.10: Mean value of each column of: (@gure3.%b; (b)Figure3.9c.

» Number
F
of column

0 92 0 92
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3.3.6 Fast Level Set Method in Log-Polar Domain for Contour Detection and Trac king

The method that is proposed to detect and track an objgfeinterest contour builds on the fast
implementation of level sets introduced [86][37], while originally combining with some concepts
inspired from the works of42] and [43] that find the contours under the guidance of a fixation point
that maps the image from the Cartesian domain to thepadar domain ¢ection3.3.4), andeingbased

on the YUV color codingsection 3.35). To the best of our knowledge, the combination of these
strategies has not been experimented before, and represents an original contribution from the current
thesis to tackle the challenging problem of closely monitoring the physical behavior of délerma
objects made of material with considerably different characteristics. In this section, we present a novel
cortical fast level set method which detects the contour of an object, achieves its segmentation, and can
further track the evolution of the contar as the object deforms during manipulation by a robotic hand.

Unlike inthe classical level set method implementation described in section 2.3.2, when considering
images mapped ithe logpolar domain, the curvé, represented as the zero level setthe level set
method, is not an enclosing contour of the object, but rather an open boundary line in the vertical
direction, as was demonstrated in sections 3.3.4 and 3.3.5. This situation is depicted in Figure 3.11a.
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Figure3.11: (a) Representation of the cunge and the two lists of neighboring pixdls andd in the

cortical image; (bxhe motion of switching pixels ai and 0 ; and (c) representadin of the 4
connected discrete neighborhood of a piXel(Each gridelldenotes a pixel of the cortical image.)

Following the idea of the fast level set implementation, detailed in section 2.3.2.2, the fast level set
method proposedhere is adapted to perate in the logpolar domain, or cortical domain. It employs two

neighboring lists, respectively denoted by andd  handrepresenting the left and right neighboring
pixels of the curveRigure 3.14) separating the region of interest (leftmost) from the background
(rightmost). They are defined as folloy&s]:

X

0 1% TAT®ING "I OOBDE %D =t (3.7a)
0 1% 1T TAT®ING T OODERBD (3.7b)
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where 0 "l still represents a €onnected discrete neighborhood of a pixg&l”l 6 in a two

dimensional cortical imag¥ "I contains the four neighboring pixels of that isl h"l ~ h"l h
| as illustrated inFigure 3.1&. The use of a-Aeighbor mapping is inspired from the original work

of Shi and KafB6][37]. A fast level set functiot¥s is represented in Equation 386][37]. This function
defines that the values of pixeis the left region delimited by the curve are negative, while values of
pixelsin the right region are positive. In this manner, the object, initially located by the 2D fixation point,
is distinguished from the background.

%ol oo, (3.8)

Theinterior pixelsdenote the pixelson the left sideof 6 but notin 0 , andthe exterior pixelsdenote

the pixelsonthe right sideof 6 but notin O

In Figure 3.14 and Figure 3.1b, the greenline representsthe curve,0, which splitsthe corticalimage
into two parts:the objectof intereston its left and the backgroundo its right. Thelist0 containsthe

pixelslocatedon the left side of the curve,shownin dark gray,while the list 0  containsthe pixels
located on the right side of the curve, shown in light gray. An exampleis used to illustrate the

movementof switchingpixelsfrom0 to 0  andviceversaduringthe contour trackingof the object.
Comparingrigure 3.1 to Figure 3.14, the curve® movesright at pixel Eandmovesleft at pixelD. This

behavioris representedasswitchingthe pixelEfrom 0 to 0 hand switchingthe pixelD from 0 to

5

The functions foswitching pixels betweefi and0 , cortical_switch_in(and cortical_switch_out(),
follow the same rules and operate in the same way as shitch_in() and switch_out()from the

classical fast level set method, respectively, presented itige?.3.2.2. The only difference is that
cortical_switch_in(andcortical_switch_out(vork on the cortical (logolar) image.

The procedure used lgortical_switch_in(js described as follows:

cortical_switch_ir("l)

X

1: Removél from0 andadditto 0 . Set%o"l p.

2:For TIN O "l with%'l o,add’lto0 .Set%’l p.

The functioncortical_switch_in()s employed when the curve moves right at a pixel 0 . Inother
words, this pixell is switched fromhd to 0 and all its neighboring exterior pixels are addedto .

Similarly the functioncortical_switch_out()s employed when a curve moves left at a pikel 0
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The functioncortical_switch_out()s summarized as follows:

cortical_switch_out("l)

X X

1: Removél from0 andaddittod .Set%"l  p.

2:For "IN O I with %o 0,add’lto 0 . Set%o’l p.

The evolution of the curvé depends on the speed functidi836]. As discussed in section 2.3.2.2, the
speed function is composed here as well of two parts: the -daj@endent speed function® , and the

curve smoothness regularization speed functi@, Furthermore, the datalependent speed function
is improved as in Equation 3.9, and the curve smoothness regularization speed function is simplified as

the Gaussian filter for the curve on the image. Here, the dijpendent speed function,O , is
obtained from the same equation as Equatioh@.

Q ‘™ ® hQQOo o (3.9)
(0611 VIRNINA " @ h I OEAOxEOA
where"00h) is the color information apixel 6D , coming from either the U or V component, adic
denotes the threshold that weighs theurve smoothnessregularization speed function and data

dependentspeedfunction. The parameterso and, are the mean intensities of the images on the left
and right side of the curve, as defined by35]:

. X h
W % - (3.10a)
.k '
W %o - (3.10b)
X X VXO
whereO %o isthe Heaviside function such th&d %o ph/fo n

Tt %0 T[.

X

The curve smoothness regularization speed fungtiGn, driven from the same idea 60 in Equation
2.11, is approximated by:

0 ot = (3.11)

As in the classical level set method, is the curvature of the evolving curve,is a regularization
parameter and 1 represents the derivative functiork-or the same reason as explained in section
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2.3.2.2, the curve smoothness regularization gpéenction, O , is thereforesimplified as a Gaussian
filter, "O Furthermore, the Gaussian filter is employed only on the pixel8 of and 0 in order to
smooth the zero level seflgorithm 3.6 presents the fast level set method adaptedperate in the
log-polar domain.

Algorithm 3.6Logpolar domain fast level set algorithm

Input:
0 the number of iterations of the data dependent speed function
0 the size of the Gausan filter

X X X

1: Initialize the arrafte 'O , and the two list® and0

2:for'Q pDO do Cycle/lOne

X

3: ComputéO |, for pixels i and0

4: For every cortical pix8In X’L‘) , applycortical switch_in(l) if 'X‘O | TG,
5: For every cortical pixélv XO , remove’l fromxi‘) and set‘x%o"l oif ‘X%OTI rtfor) "IN U o
6: For every cortical pixélv Xi‘) , applycortical switch_out{l) if ’X‘O M1 »
7: For every cortical pixélv Xi‘) , remove’l fromxi‘) and set:%o"l oif :%)OTI rtfor) 7N U o

8: Check thestop Conditionand if satisfied, go t€ycle Twpelse continue this cycle.
9: end for

10:for’Q pDO do /I Cycle Two

X

11: Forevery pixéll¥ O, compute’OS %o"l . Applycortical_switch_iri{) if 'O5 %"l T

X X X X

12: For every pixéll ¥ § , remove’l from0 and setho’l =b3if% 1  Tfor! 7IN G "1 ;

X

13: For every pixell N O , compute'OS %0"l . Applycortical_switch_out() if 'O8 %"l T

X X X

14: For every pixél ¥ O, remove’l from0  and set%o”l =3if% 1  tforl "IN "I ;
15:end for

16: If one of Sop Conditions is satisfied inCycle Ongterminate the algorithm; otherwise, go back to
Cycle One
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For the initialization in line 1 of Algorithm 3.8D is initialized to 0%ois initialized as followsirst of

all, the group of 2D pixels cosponding to the 3D points in the identifiambjectof-interest cluster
extracted in section 3.3.dre mapped to the cortical image and the corresponding pixels are labelled as
(-3). All other pixels within the bounding window defined in section 3.3.3 B@®raapped to the cortical

image and the corresponding pixels are labelled as (3). An example is shown in Figure 3.12a, where the
yellow area represents the projected 2D pixels and the rest of the bounding window is the background.
After applying the logpolar transform on the bounding window, the projected 2D pixels represented by

the pixels forming the yellow area are all mapped on the left part of the cortical image (Figure 3.12b).

Bounding Window

+3
Log-polar Image
-3
-3
+3
(a) (b)

Figure3.12: (a) Labelled bounding window in original Cartesian imagd (b) corresponding labelled
pixek in the cortical image.

X X

The iIsts0 and 0 defined in Equation 3.7 are obtained on the 4oglar transformed level et

X

function based on a) neighbour search. Conversely, for all subsequent frames, the gropjxels
that are within the contour retrieved in the previous frame are labelled-38f and the ones outside the

latest contour as (3). The lists and 0 are updated accordingly, using Equation 3.7, as part the
initialization step. This permits a continuous tracking over successive frames in the sequence with the
level sets method applied in the lgmplar domain. Theolgpolar domain fast leveket algorithm
(Algorithm 3.6) stops whenever either of the following two conditions is satisfied.

Stop Conditions

1: The speed at every neighboring pixel satisfies:

X X

O 1T T IND
T 1w

0 o

2: A prespecified maximum number of iterations, , is reached

As in the original level set algorithm presented in section 2.3(2.2js the number of iterations of the

data dependent speedD , andU is the size of the Gaussian filté applied over the contour in
order to smooth it. The parametar is set higher tha) to prevent weakening the sharp corners of
the contour. In this work, the two parameters are set empirically such that= 80 andb = 3. A
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comparison betweercontours extracted with and without the Gaussian filtetll be presented in
section 4.2.8as an evaluation of the influence of this filter

The fast level set method adapted for the dpglar mapping of data can be e two different ways.

On one had, it can be set such that it focuses more on robustness, in which case the level set function
is initialized from the extracted cluster at each frame over the sequence acquired with the Kinect sensor.
In this case, the method performs only iterative camtaetection. On the other hand, it can be set such
that it focuses more on speed, in which case the level set function is initialized at each iteration from the
contour obtained from the previous frame. The method then achieves contour tracking on thet olbj
interest.

3.3.6.1 Robustness-Focused Contour Detection

Robustnesgocused contour detection retrieves the contour of the object of interest at each frame from
a sequence of RGB images collected from the Kinect senddiore ecifically it employsthe point
cloud from each frame for the initialization of the fast level set method. At each frame, the system is
initialized with the bounding window (as shown in Fig8r@), which is acquired from the #grojected

3D object cluster resulting from theabkground removagbrocedure That means that all steps described
in section 3.3.3 are rexecuted on every frame. Only the fixation point selectfsaction 3.2.2)s not
performed each time, and the location for the object of interest first pointed bydperator is reused

at every iteration. This robustne$scus contour detection strategy supports the migration of the
contour detector to an alternative object that would appear at the location of the static fixation point
over the sequence. It also dealsry well with temporary occlusions of the object of interest as it can
recover the initial object when it reappears in the images, due to its fuihitialization at every
iteration. This representsan interestingfeature of the proposed solution and makes it relatively
robust to a wide range of realistic operational scenarldewever, the main drawback of this robust
contour detection approach is the fact that time is spdat processing the background removal,
extracting the objecbf-interest clister and computing the bounding windoat each iteration. It is
therefore significantly slower, as will be demonstrated in section 4.4.

3.3.6.2 SpeedFocused Contour Tracking

Speedfocused contour tracking is an approach focusing on the speed of tracking the contour of the
object of interestasit evolves under the robotic manipulation. It is similar to the robustriessised
contour detection approach in that data is acquirbBdm a sequence of frames of RGBimages
collected from the Kinect sensor. However, this approach does not reinitialize each frame based on the
bounding window extracted from the object-interest point cloud. Only the first frame is initialized
using tke bounding window that is obtained from the 3D object cluster after background removal. For
each following frame, the latest level set function obtained is used as the initialization level set function
for the current frame to further track the contour dfie object. This approach for tracking provides a
continuous contour detection at each frame and is overall significantly faster. However, it tends to lose
track of the contour in case of discontinuities, and is not able to quickly recover when occloftbes
object of interest appear in the scene. An extensive comparison between the robudtoesed
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contour detection and the speefibcused contour tracking forms of the proposed method is performed
in section 4.4.

3.4 Material Behavior -Based Classification

The classification of objects in the various categories considered depends on the deformation behavior
exhibited by the object during the manipulation withrabotic hand The contour of the object is
considered here as the most intuitive expressiontliE behavior. The object contour is therefore
employed to categorize the objects into four types of materials: elastic, plastic, gikesttic, or rigid.

The proposed procedure can also serve to distinguish between the deformation stages for objects
whose material adopts different properties according to the magnitude of force applied on them (e.qg.
shape memory material, or breakable objects).

In order to characterize objects and classify them into different categories based on the material they
are mack of, and therefore recognize their deformation behavior, an automated measurement
procedure is designed that uses a thif@ger robotic Barrett hand (for further details, sesection
4.1.1). The hand applies a series of forces over predefined pointdbdied all around the object to be
characterized, while the contour of the object is visually monitored with the solution described in the
previous sections. The object contour, denoteddgsobtained at different deformation stages using
Algorithm 3.6 @plied in the logpolar domain is remapped into the Cartesian domain through an inverse
log-polar mapping prior to this stage. The contour of the manipulated object is monitored during the
procedure and three specific contour samples are extracted: thlimiontour that is collected at the
beginning of the characterization procedure before any force is applied, the deformable contour that is
obtained under the largest deformation that is observed, and the final contour that is obtained after the
interaction is over and any applied force is removed. The following section sl¢hail stepby-step
procedure to achieve the classification.

3.4.1 Object Deformation Categories

In the context of this work, deformation refers to the change of material shape or size that is caused by
a sufficient loading applied on the object.

An elastic deformation is a temporary shape change, such that the object returns to its original shape
once the interaction between the&obotic handand the object stops and the force is released. The
typical shape changes for such an object are shown in Figure 3.13.

A plastic deformation is a permanent shape change in which the object is deformed into shapes
(Figure 3.14b) when sufficient force is applied. When the grasping force is removed, the object shape
(Figure 3.14c) remains the same as when the maximum force was applied on the object (Figure 3.14b)
[80].

Elasteplastic objects exhibit a combination of elastic and plastic propef88% The shape of objects
made of such material is partially restored from theformation after the removal of the grasping force.
Figure 3.15 illustrates the property of an elagtiastic object on which the deformation is partially, but
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not totally, gone when the external force is released. As a result, three different shagese(bmrce is
applied, under the force causing the largest deformation, and after force is removed) are observed as a
result of the manipulation process.

(a) (b) (©)
Figure3.13: Elastic object: (a) before fords applied; (b)under the largest deformatignand (c) after
forceisremoved.

(@) | (b)
Figure3.14: Plastic object(a) before force is applied; (binder the largesdeformation and (c) after

force is removed.

@ (b) ©
Figure3.15: Elasteplastic object:(a) before force is applied; (lbinder the largest deformatignand (c)
after force is removed.

The shape of a rigid body remains in general the same regardless the external forces exerted on it.
Typically, it can be considered that no deformation occurs on the rigid body. Therefore the shape
remains the same in Figure 3.16. Specéaes where arigid object would break under the force applied

by the fingertips of theobotic handmay occur.Such acasecould be detected by théssof contour
tracking capabilities. Howeverig not taken into consideratioim this work.
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0 (©)
Figure3.16: Rigid object(a) before force is applied; (hnder the largest deformatignand (c) after
force is removed.

The three representative contours (i.e. before any force is applied, when the largest @gifmnoccurs,

and after the interaction is over) are extracted from the tracking sequence for each of the object under

study. In order to detect if the object is elastic, the final deformation contour is compared to the initial
deformation contour as welts to the contour obtained when the largest deformation takes place. If the

initial and the final contours are almost identical, within a certain tolerated noise margin, and different

from the contour under the largest deformation, the object is classifisdelastic. This situation is
AffdzaGNI GSR Ay (GKS NBg aStradAo YFOGSNREFET 2N St a
between the initial, largest deformation and final object contours is also exploited to detect plastic and
elastoplastic a&formations. If these three contours are different, beyond a predefined tolerance of a

few pixels in order to cope with the noise in the measurements, it means that either a plastic or an
elastoplastic behavior occurred. The differentiation between thagpic and elastglastic behaviors is

achieved by comparing the final deformation contour with the contour exhibiting the largest
deformation. Given that an object made of plastic material memorizes the largest deformation
experienced, if the final contouand the contour under largest deformation are almost identical, as
AaK2g6y AYy GUKS NBg 2F aLIXFadAO YIFOSNREFE 2NJ LJXIFAGAO
plastic deformation occurred. On the other hand, an elgstastic material haghe property to partially,

but not totally, recover from the deformation when the external force is released. This property is
recognized by comparing again the final contour with the contour under largest deformation. If they are
significantly different} & a K2 gy AY -plakti€ mateHagor élaStbE 8 @8 A O RSF2 NX I (A 2
in Figure 3.17, but not identical to the initial contour, then the material is considered as one exhibiting
elastoplastic properties. Finally, if all three contours are iden Ol t = & Af f dza G N} SR
YFGSNRAFE 2NJ NAIAR RSTF2NXIFGA2Yy aidl3S¢ Ay CAIdNB o
perceived by the contour tracking system under any amount of force.

d
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material or
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Figure3.17: Deformation contours for elastic, plastic, elagt@stic and rigid materials/stages.
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3.4.2 Dynamic Time Warping for Contour Correspondence and Material Behavior -

Based Classification

In order to perform the classificationf the various categories of deformable objects, the contours
obtained in the previous section are compared using dynamic time warping (DTW) to detect changes in
0KS @FNR2dza adl3Sa 2F GKS 202S00Qa RST2NMdtdii A2y d
align two sequences that may vary in lendf®] [62] [63] It provides a robust distandeased method

to compare contours of variable length, which also eliminates the need for explicit-foopuint
matching of contour pixels or subsampling of the contours, and therefore alloivsidage of the
information availableAs such, DTW does not require the extraction of features from the contours. DTW

is selected here because the number of pixels forming a contour cansigmificantlyin between
successive frames for the same objexd,a result of its deformation.

In order to facilitate the comparison of two contours captured respectively at trmed 0 p , they
are first arranged in the same order prior to the application of the dynamic time warping method. In
particular,the following equatioris applied to identify the center pixel of the contour:

where{F» <.
els AL RIL Pl Farrll oy o
pixels, - AiF Fesa haahje . Fox

AL
L. 22— (3.12)

ﬁf%. <kepresents the center pixel of contoud, the latter being composed af
. This procedure takes place on the contour that has been

remapped into the Cartesian domaimough an inverse legolarmapping.

C1

pl

Cl: [plip2|---pm} - [pM]

(a)
Figure3.18: Contours at tim@&and 0
deformation attime 0 p .

C2lal]q2:[an aN]

(b)
p : (a) before force applied at timg and (b) under the largest

The first pixelw= in Figure 3.18, belonging to the contous is identified as being the pixel that satisfies

the following two conditions:
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First Pixel Conditions

1.0 A g

J
il
J
<> 3

-

T
=
== |3F

2:4- is located on the right side gf = <« »

Once this pixel is identified and set as the first pixel of the contour sequence, the contour sequence is
filled up with the remaining contour pixels in the countdockwise direction (ahg the arrow in Figure
3.18a).

Figure 3.18 shows an example of two contours that are the initial contourttadontour under the
largest deformation of the objecinade of elastic material from Figure 3.17. At first, the respective
center pixels of these two contours are identified using Equation 3.12, and denoted asamdi-= < »

as shown in Figure 3.18. Next, the first pixals and A of these two cotours, respectively, are
identified based on thé&irst Pixel Conditiordefined above. Finally, the rest of the pixels recuperated in
the counterclockwise direction are stored in the contour sequences such that two contours are in the
same order. The inal contour is arranged into contour sequence, and the deformed contour is
arranged into contour sequence, , as follows:

0 e B e [ Fonm (3.13a)
6 A ha F8ha 8 ha (3.13b)
whered and( are the length of sequena& and sequence , respectively.

DTW is then employed to establish the correspondence betwidentwo contour sequences from
Equation 3.8. The DTW distance matrix is built by using Algorithm 2.4dation 2.4), wherei is
initially set ad = 1/5 x max0 ) andhbis set ap Tt Since the contour sequencésand® are pre
processedj can be initialized to a relatively small vaJuvhich helps to speed up the standard DTW
algorithm (Algorithm 2.3).

O1: T ooV

distance

Figure3.19: Warping matrix.

Once the optimal warping path (i.e. the one with the minimal overall cost), is identified in the DTW
matrix, the two contour sequence8, ando , are matched by assigning the pixal of 6 to the pixel
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A of 0 so that an elementp , of the waping path stands for a pair of pixeles , A ). The optimal
path is shown as a black line over the white band in Figure 3.19.

As a result of the DTW matching, the pixels of the contour sequeacesd® , are matched in pairs as
in the following &ble.

Table3.1: Correspondence of pixels frotn and

Wilw |wy |wy |wy |ws | we | wr|... | wg

Ci |pPi |P2 |P2|Ps |Pa|P5 |P6| .- | Pu
Colaqr |92 |93 |94 |95 |95 |95 | --- | AN

Each pair of pixels represents the pixel correspondence between two contours. Later on, the pixels are
compared in pairs in order to determine ttdifference between two contours, which supports the
classification based on the object material under the observations derived at the end of section 3.4.1
about the various categories of objects.

3.4.3 Proposed Classification of Deformable Objects

In thiswork, we took inspiration from the comparison mechanism propose{b#j to evaluate the
similarity, or dissimilarity, of the deformablebject contours in order to achievean accurate
classification based on the material properti€&onzalezSosaet al.[62] use DTW to alin pixels of two
contour sequences, employing Equation 3.14 to transform the displacements between contours into a
similarity score, and they perform a comparison based on this score value.

i 0él '@ (3.14)

where'O "O"¥ ¥he obtained cumulative distance between two sequences of pairs of pixels that is known
to be minimal. The parametéY represents a hormalization factor that takes into account the number of
aligned pixels between the two sequences.

In the present case, the contours from consecutive images do not have the same amount of pixels and
the contour at time 6 p , beyond being deformed, may be also slightly rotated or shifted when
compared to the contour tatime 0. This is an expected behavior resulting from the interaction of the
robotic handon the object. To cope with the above two problems, we use the DTW to establish the
correspondenceof pixels of two contours as discussed section 3.4.2. Our expementation
demonstrated that the DTW method is able to match the contour at toweth the contour at time

(6 p even with shifting or slight rotation of the entire contour. However, using the score proposed in
[62], it is impossible to distinguish whether the object is deformed or shifted according to its value. In
other words, the shift of the object leads to a high'O"Yalue aml as a result, the value of the score is
low. Butthe value of the score is also low when deformations happen. Therefore, the decision system
would erroneouslyconsider that deformations occurred on the object even if the low score value is in
fact causedy a shift of the object.
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It is therefore proposed to make the score more robust, and still reliable for proper material category
classification while taking into account shifting and slight rotation of the object that may happen during
manipulation. The pposed score is calculated as:

B

r W

i OéEd @

Q (3.15)

where 0 is the length of the warping pathO "O"Yisythe difference betweerOrand O, such as

O0r'Y O '0Ons whereOnis the Euclidean distance between the pixal from the first contour
considered and its contour centgk= 4O S=m 4= <€Ppand On is the Euclidean distance

between the pixela from the second cotour considered and its contour centdk= < ¥On
sA 1= <€»The proposedO O"Yi& therefore calculed as illustrated in Table 3.2, where the

correspondence of pixels from and¢ isestablished as shown in Table 3.1.

Table3.2: O "O™6feach pair of pixels from ando

W un Wy Wy Wy Wy
Dp |lp1 — entry|| | [|p2 — entry|| | [|[p2 — entry|| | [[ps — entry || | ||ps — entr ||
Dq a1 — entry|| | [jgz — entry|| | [|gs — entrsf| | ||gs — entry|| | [|gs — cntry||
DIST | |Dpy — Dqi| | [Dps — Daa| | [Dps — Das| | |Dps — Daqa| | [Dps — Dgs|
we wy wy,
[ps — cntry [ | [[ps — cntr, | [[par — entry ||
|95 — entry|| | [|gs — cntrs| llan — entry||
[Dps — Dgs| | [Dpr — Day] \Dp, — Dy, |

Figure 3.20 illustrates the Euclidean distances between a pixel and the center of the contour for the two
contours considered previously.

C1:

pM

C2:

Jqn]...|gN

(b)
p : (a) before

pl pm... ql

(a)
Figure3.20: Relative distance of points to contour center for contours at thaed 0
force applied at time, and (b) under the largest deformation at timé p .
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The score proposed in Equation 3.15 makes the system more robust to shitbtatidn than the score
in Equation 3.14 due to the fact that Equation 3.15 takes a sum of individual local paliffésences of
distancesO ‘O"Yinto consideration rather than only a cumulative distarioeD"Ya¥ in Eqgation 3.14.

However, lecause it is desired that the method is robust to noise and fast at the same time, two
supplementary conditions are imposed in order to consider that a contour has been deformed. In
particular, we verify if a displacement of the contour occurred, and wéethe displacement affects
more than three contiguous pixels over the contour. Considering the sequernoe@ialues, if the
value of an element in this vector is larger than a threshold (e.g. 4 pixels in our work to alleviate
sensitivity to noisg it is considered that a movement occurred at that location on the contour;
otherwise, the difference is attributed to noise and it is considered that no movement occurred. In case
the contour has moved, we also verify the number of contiguous pixedstatf by the movement. In
particular, if the number of contiguous pixels with movement is larger than 3 pixels, the contour is
considered being deformed. An example is shown Figure 3.21. The blue contour represents the contour
at time 6, and the red onesi the contour at timed p . The pairs of pixelSmsh A Nemh A h==h

A Bhemha and ==ha from these two contours, respectively, are matched by the DTW
algorithm.© "O"Ylatated down the pair of contouris the distance hsveen two pixelsms and a , and

its value is smaller than 4 in this case. Therefore, there is no movement ai=pix€In the other hand,

‘0 "0"Yisrthe distance between two pixedas and A and its value is larger than 4, so that pixalis
considered in movement. The same can be noticedXdD"YAY'O"YAd'O "O"Y fifeaning that the pixels
=== aNd == are in movement as well. As four contiguous pixels exhibit movement, it is considered
that the contour at thepixelSmm, ==, m= and=m is deformed. Only the deformed contours are evaluated
using Equation 3.15.

DIST,

Figure3.21: Supplementary conditions validated on contour deformation detection.

If the contour is deformed, based on the scores computed pairwise between the initial codiaur,
the cantour under largest deformation® 0, and the final contour after the force is removed,0,
using Equation 3.15, the decision process dlassifying the object as rigid, elastic, plastic or elasto
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plastic is illustrated in Figure 3.22. The value of the threstiGldapplied on the score was empirically
set to 0.75. The impact of this threshold is illustrated in the experimental resuttsopghe thesis, in
section 4.26.

-~ T —~ ~ ~ . (
_— score(bw0, —~_NO_ " score(bw0, "'-\\.Nq’,/ ~ score(bwl, —~_NO_ Elasto-Plastic
~~__ bwl)zthr . bw2)>thr _— ~~__ bw2)zthr
~— - ~ _ ~ —~ L
™~ N_./’ i T~ ~ N~
VES YES YES
~ } . ~
{ Rigid : Elastic | Plastic

Figure3.22: Flowchart for materiabehaviorbased object classification.

In order to evaluate thesystemperformance, the classification resufier the four material categories
will be displayed using confusion matrid84]in section 45.
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Chapter 4 Experimental Resul ts and Evaluation

This chapter presents the implementation of the proposed contour detection and tracking framework
that uses RGB data to track the contour deformations and classify an object under interaction with a
robotic handinto the four categories considered (elastic, plastic, eladéstic or rigid), based on the
response of the material the object is composed of. The performance of the proposed framework is
evaluated using ten objects belonging to the four differenteegatries of material properties.

4.1 Experimental Setup and Software Architecture
4.1.1 Hardware Components

As the goal of this thesis is to track the contofithe object of interestind classifyhis object according

to how it responds to interactionsvith a robotic hand the hardware components used in the
experiments are the Microsoft Kinect for Xbox 3&@d the Barrett BH262 robotic hand whichare
respectivelyused to collect the RGB data based on which the object contour is trackadd to
manipulate the object. During the experimentation, the Kinect sensor andabetic handare placed

as shown in Figure 4.1. This configuraticerdieto the assumption on the presence of a dominant planar
surface in the background, considered in section 313.This setup is appropriate in the present context
given that the goal of the thesis is not to develop a fully autonomous solution for object manipulation
with a robotic hand, but ratheto concentrateon the classification of objeeiasticity.

Figure4.1: Setup oBarrettrobotic handand Kinect sensor.
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4.1.1.1 Microsoft Kinect for Xbox 360

The Microsoft Kinect for Xbox 3605] is an in&pensive device that comes with RGB and depth sensors
which can be used for visual identification and spatial perception of objects. Moreover, it is fully
supported and compatible with ROS (Robot Operating Sysi@2}) which is exploited in the current

thesis to perform basic operations on the collected data. The combination of these factors makes
Microsoft Kinect for Xbox 360 a suitable device for the experiments. Figure 4.2 identifiesajbe
components of the Kinect hardware. The RGB camera is a standard camera that captures the visible light
at 640x480 pixels with-Bit per channel The infrared laser (IR) emitter and the infrared camera work
together to generate the depth imadé5].

Status LED RGB Camera IR Camera

XBOX 360

IR Laser Emitter &

Figure4.2: Kinect for Xbox 360 sensor.

4.1.1.2 Robotic Hand and Probing Process

The robotic hand used for manipulating the objectrizm the Barrett Hand BH262 seried83]. The
robotic hand shown in Figure 4.3 three fingers that can pivot around the palm and open/close
individually. Their angular positions around the palm are fixed during the interaction with an object.
Since some of the objects used in the experimentation are small in size, a cardboaradexk gn the
palm is employed to lift them up. This ensures that the interactions of the object with the robotic hand

Figure4.3: Barrett robotic hand.

fingertips are occurring along the sides of the object, therefore avoiding the occlusion of the object
shape by the fingers during manipulation and applying proper forces to deform the contour -eigitbn
objects. This enables the extraction of the contoepresenting the deformations of the object resulting
from the forces applied on iin Figure 4.3, it can be noticed that the robotic hand fingers are covered
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with white rubber gloves. This proved useful for several reasons, including the protectios sénsible
touch sensors mounted (but not used in this work) on the robotic hand, to ensure the uniformity of
color over the entire surface of the fingers, and making them sufficiently contrasting toatiegground
surface and objects.

The robotic hand mves relatively slowly while performing the object probing. The closing and
reopening of the fingers, while in touch with the object, takes on average 2 s. As shown in Figure 4.4, the
robotic handapplies balanced grasping forces at its fingertips in order to maintain the object centered
over the palm and without significant slippage (Figure 4.4a,d,g); the hand then contracts the fingers to
compress the object and pauses briefly at the largest mhefdion of the object under the applied forces
(Figure 4.4b,e,h); lastly, the hand relaxes its fingers and moves them back to the starting positions
(Figure 4.4c,f,i). In the experiments, three different magnitudes of forces are applied to probe the
object RSYy20GSR a G(GKS aqftA3aIKGéXT GKS aYSRAdzZYé I | yR
about 1.3 N, 3.9 N and 17.6 N on each finger.

@ O ()
Figure4.4: Process of probing an object with thebotic hand (a)(c) with light force (~1.3N); (dj)
medium force (~3.9N); and (§) strong force (~17.6N).
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Each row of Figure 4.4 illustrates the deformation produced on a sametplgspectively under a light,
medium and strong force. In practice, the cardboard that holds the object at the proper height over the
palm may sometimes hinder the movement of closing fingers. This can lead to situations in which no
significant differene on the deformation of the object can be observed between the cases when a
medium force and a strong force are applied by the fingers.

4.1.2 Software Architecture

The contour tracking and classification system developed in this research is impleme@ted, iwithin

the Robot Operating System (ROS) framew &%, and utilizes some functions of the Point Cloud
Library (PCLB4] and OpenCYV librar}85], to manipulate the RGB data acquired using the Microsoft
Kinect for Xbox 360. ROS provides libraries, tools and a message passing system that facilitates the
integration and communication between varionsdes All these features of ROS make the PCL and
OpenCV libraries fully compatible with one another. A ROS system is comprised of many communicating
nodes. Each of these nodes is an executable file. Figure 4.5 depicts the contour tracking and
classification system, as designed and implemented in this thk®ghibits the processing of the RGB
image (2D data), theoint cloud (3D data), and the information exchange between thdfmery node
displayed as a rectangular box in Figure 4.5 has been designed, implemented, and tested as part of this
research in aler to meetthe objectives.

%rgb—\kinect_nod e‘ﬁ c
| EE—
deFith pc_read_node |
\;rgb+depth_read_nodéj | pfl |
_ ~pc_plane_node

2DPoint 3DPoint pﬁ:z

rgb_contour_node _<_pc3_PC_C|USter_n0de_

conitour

classification_node

Figured.5: Toplevel software architecture for thproposedcontour tracking and classification system.

A brief description of each node appears in the following sections.
4.1.2.1 Kinect Node

This node captures the RGB and depth images, as well as the point cloud from the Kinect sensor. The
RGB channel is used for receiving the user selected point, called 2D fixation point, and for detecting the
object contour; the depth chanel is used for identifying the 3D fixation podnvertedfrom the 2D
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fixation point; whereas the point cloud channel is used for detecting the object of interespingphe
3D information onto the corresponding 2D RGB pixels,imitidlizingthe process of contour detection.

The color and depth images obtained from RGB and depth (IR) cameras of the Kinect sensor have to be
registered before taking measurements since the two cameras on the device are physically separated. In
ROS, a package calledenect camera[86] provides the depth registration functionality which aligns
every pixel in the depth ima&g(shown in Figure 4.6b) with its corresponding pixel in th®& Rzage

(shown in Figure 4.6a)n Figure 4.6b, white regiershow where the pixels are registered, and black
regiors correspond to areasrhere the depth value of pixeisnot valid.

(a) (b)
Figured.6: Data from Kinect sensofa) RGB image; and (b) registered depth image.

4.1.2.2 RGB+Depth Read Node

This node receives the user input point, the 2D fixation point, and identifies its corresponding 3D
fixation point, using the 23D mapping described isection 3.2.3. The 2D fixation point is a pixel
identified bythe user on the RGB image (Figure 4.@a)rder to convert the 2D fixation point into the

3D fixation point, the registered depth image (Figure 4.6b) is used to specify the distance of the 2D
fixation point with respect to the Kinect sensor.

4.1.2.3 PC Read Node

This node handles the raw poiatoud collected by the Kinect sensor. The unorganized points in this
LR2AY(G Of2dzR FNB FTAE{ G0SNBR dza Ay 3 [8id]rBvided Nis thie2 Bdidtb | b C NP
Cloud Library (PCL) to remove points with NaN (Not a Number) values from the point cloud. This
function removes the points witiy & or & coordinate equaling to a NaN value, which indicates
measurement errors and/or inaccuracies.

Generally, erroneous points correspond to points located out of the operational distance limitation of
the sensor or missed because of the reflective surfacenadlgect. The coordinates of such points are
characterized by the presence of NaN values. These points are removed from the point cloud as shown
in Figure 4.7, while the remaining points have valid, finite values. The NaN removed point cloud
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(henceforth, ve refer to it as point cloud, which is denoted as pcl in Figure 4.5) is sent to the
pc_plane_node.

(a) (b)
Figure4.7: (a) RGB image from Kinect; (b) NaN removed point cloud.

4.1.2.4 PC Plane Node

The pc_plane_node is responsible for extracting the points that make up the planar surface (i.e.
measurement table) in the point cloud, as discussed in section 3.3.1. PCL provides various algorithms for
point cloud processing, one of which is random samgesensus (RANSAC). The latter is used for
segmenting the planar surfad88] by identifying all the points that support the planar model and to
remove them from the point cloud. This node efficiently removes most of the background, while the
remaining points (pcth Figure 4.bare sent to the pc_cluster_node.

4.1.2.5 PC Cluster Node

The pc_cluster_node executes the cluster extraction algorithm described in section 3.3.2 on the point
cloud transmitted by the pc_plane_node in order to obtain the cluster of the object of interest in the
point cloud. Before clusteringhe point cloud after plane extraction, lad tree data structure[89],
provided by PCL, is employed on these points to organize the 3D points structure in order to speed up
the object clustering process. All the points constituting the cluster of the object of interestirfpc3
Figure 4.5 are £nt to the RGB_contour_node.

4.1.2.6 RGB Contour Node

This node mainly manages the identification of the contour of the object of interest on the RGB image
and dbtains the2D fixation poin{2DPoint in Figure 4.5), whitlas thesamecoordinatesas the injt of

the rgb+depth_read_nodeThe latter is also read here for the ipglar mapping. The node first receives

the selected cluster (pc3) and maps the corresponding 3D points in the cluster to the RGB image, as
detailed in section 3.3.3, which is then usas the initialization for the level set method. Next, the
bounding window is obtained from the RGB image by expanding a border outwardly with respect to the
initialization area. Thereafter, the lggplar mapping approac®0], which is a function provided lilie
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OpenCV Library, is employed on the boundiwgdow by using the 2D fixation point as the
transformation center to obtain the cortical image, as presented in section .3Th# isfollowed by
application of the fast level set method on this cortical image in order to detect the cortical contour of
the object of interest, as detailed in section 3.3.6. Finally, the contour of the object of interest is mapped
back to the Cartesian domain and sent to the classification node.

4.1.2.7 Classification Node

This node handles the characterization of objectthwdifferent material properties as rigid, elastic,
plastic, or elasteplastic, based on the tracked contours of the manipulated object, as detailed in section
3.4. The contours of an object at three different stages are provided as inputs to this node. By
comparing the similarities of pairwise contours in order, the changethe shape othe object under

the manipulationwith the robotic handare detected so that the characteristics of the object can be
evaluated.

4.2 Data Acquisition and Parameter Setti ngs

In this section, the impact of various parameters involved in the proposed approach is studied. Several
experiments are performed using possible values of the parameters in order to determine the optimal
tuning of the system.

The devices involved inehproposed contour tracking and classification system are placed as shown in
Figure 4.1. Theobotic handwith its base, used for interacting with the deformable object, is situated on

a table and the object is placed in thebotic handduring experimenttion. A Kinect sensor is mounted

on a tripod located on the table. The distance of the Kinect sensor with respect to the object surface is
typically around 55 cm. In order to obtain the optimal RGB and depth images, and the corresponding
point cloud, fromthe Kinect sensor, as well as a reliable classification, the distance of the Kinect sensor
with respect to the object surface should be situated in the range of 50 cm to 80 cm.

4.2.1 RANSAGBased Algorithm for Background Removal

In section3.3.1, the background removal procedure based on RANSAC algorithm was detailed. In the
current context, the background mainly refers to the planar surface of the table top. The goal being to
track the objec® contour changes when grasped by tlodotic hand, the object sitting in theobotic

handis mainly the region of interest. In order to increase performance, the points that surround the
object of interest, such as the table surface, are discarded at an early stage.

The parameterd, used in the RAME algorithm, represents the distance threshold that constrains
points fitting the planar surface model in Algorithm 3id section3.3.11. Figure 4.8, 4.9 and 4.10
illustrate the impact of the distance thresholy on the performance of the RANSAC algorithm.

Figures 4.8a and 4.8b show the results of the table removal procedure when the threshold is set to
0 Tmdcm andd T ©m, respectively. Under such stringent fitting conditions, the table model is
not propetly extracted and therefore the table surface is not totally removed, as shown in both cases in
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Figure 4.8. The extracted planar model of Figure 4.8@iST Y T qup PTR p X D @ T L L AV Y
™ x Y Y ¢ @, and the planar model of Figure 4.8bT8T Y WLV ® ¢ O p X W @ TR L L &L Y
T x Y Y ¢ @ which we see are relatively similar.

(b)
Figure4.8: (a) Planar background remaiwith RANSAC parameter0.5 cm; and (b) with=0.75 cm.

Figure 4.9 exhibits the results of the point cloud after plane extraction with the threshold set f@m.

It is obvious that the points fitting the planar model are totally removed from thetpdoud while the
objects located over the table top (i.e. closer to the Kinect sensor) are preserved. The planar model of
Figure 4.9 isT@ITTT O X TU® p X ¥00 ONd L U WO Pl X w ¢ P @, which exhibits more
significant variation with respect to theadels estimated with tighter settings.

Figured.9: Planar background removal with RANSAC parantefesm.

Furthermore, Figure 4.10 shows the results of the table removal procedure with threshold values set to
0O p& uicm,0 p® cm, ando ¢ cm, respectively. The larger distance thresholds increase the
robustness of the RANSAC algorithm. Compared withrd-i§§9 where the base of th@botic handand

the cables are circled in magenta and cyan, it can be observed thabbwic handand the cables
highlighted in the same colors in Figare10b and 4.10c, are partially merged in the planar model and
removed from the point cloud. This may be perceived as a more appropriate tuning for the experimental
setup considered. Figure 4.10a, where the paraméter p& uwcm, shows a comparatively good result
that detects the whole planar surface model and rarely raissifies the points from the base and
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cables. However, the speed of tracking and classification mgstbe taken into account. Under the
premise of a proper planar surface fitting model, a smaller distance thresheldesfewer pointsin
the planar surice which speeds up thprocess of background removal.

(a) (b) (c)
Figure4.10: (a) Planar background removal with RANSAC paranrete?5cm; (b) witht=1.5cm; and
(c) witht=2cm.

In conclusion, the RANSAC algorithm (Algorithm 3.1) produces slightly better results as the value of
threshold 0 increases. Howeve smaller distance threshold preserves fewer points composing the
planar model, which speeds up the background removatgss. For these reasons, the intermediate
value ofdo  pcm is selected in our experiments.

4.2.2 Point Cloud Cluster Extraction

In section3.3.2, the process of recovering the point cloud cluster around the object of interest from the
remaining point clad after plane extraction is introduced. It is based on a 3D fixation point, computed
from the userprovided 2D fixation point through the 2BD mapping process. The possible impact of
the location of the 3D fixation point on the clustering result is exaaihere. In the cluster extraction
algorithm (Algorithm 3.5 irsection3.3.2), for a giver8D selected point, the other 3D points situated
inside a sphere with a radiu® , and centered on the selected pojratre considered to belong to the
same cluster. The distance threshoW, , is therefore an important parameter that constrains the
extent of the distance between two 3D points considered as neighbors. In this work, it is chosen
empirically. The impactfd on the performance of the cluster extraction algorithm is studied in order
to determine a proper value. The following results are reported for a value of the parametep cm,

as identified in the previous section.

The following figures show thelustering results, with paramete@ = 2.5 mm, for five different
locations (Figures 4.11a through 4.11e) of the selected 2D fixation point, denoted by a red dot over the
surface of the object, and with paramet& =2 mm for a 2D fixation poinb¢atedclose tothe center

of the object (Figure 4.11f). Figures 4.11a through 4.11e show that the obtained 3D clusters (bottom
right corner of each image) have some holes. A region of the upper part of the object is missing in Figure
4.11e, beyond the msngrobotic handfinger on the left side. Moreover, when decreasing further the
distance,Q , the cluster cannot be recovered by the extraction algorithm (Algorithm 3.5), as shown
with parameterQ = 2mm in Figure 4.11f. The few points visible imfeigt.11f(bottom right imagejre

the 100 nearest neighboring points of the 3D fixation point from Algorithm 3.5 that are preserved by
default.
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Figure4.11: Cluster extraction with parametaly, = 2.5 mm and 2D fixation point of coordinates: (a)
(292, 207); (b)(293, 161); (c)(307, 193); (d)(319, 159); (e) (320, 207); and (f) cluster extraction with
parameterQ = 2nmand 2D fixation poinbf coordnates (310, 192).

Figures 4.12a-e show the clusters obtained as result of the application of Algorithm 3.5 with the
parameter valuéQ = 3mm, for five different fixation points. These clustering results are improved, as
there are no obvious holes on the clusters of the objects when compared with the ones in Figure 4.11.
However some fine details are still missing around the edges, whictbe clearly seen inside the blue
circles highlighted over the enlarged clustering result in Figure 4.12f. In other words, the clustering
results with the parameter valu®@ = 3mm are not very satisfactory, neither.

The clustering results with diffen¢ values of the distance threshold shown in Figure 4.11 and Figure
4.12 suggest that the results improve as the threshold imposed on the dist@ngencreases, which is
expected. For the results in Figure 4.13, the distance threshold is furtheasesnt toQ = 5mm. The
clustering results of the object are, in this case, enhanced around the object edges, which are smoother,
as one can observe in Figure 4.13f. Algorithm 3.5 ®ith= 5mm performs more optimally in that the
clustering results msent full details of the object, especially around the contour which is important
here, when compared to the previous two clustering results with smaller distance thresholds.
Furthermore, Algorithm 3.5 witl2 = 5mm obtains the same high quality regiass$ of the position of

the fixation points, as can be observed for the five significantly different locations of the fixation point in
Figure 4.13=.

To pursue the study with even larger values on the neighborhood search distance parameter, the
following clusters are recovered from Algorithm 3.5 with the paramefer = 10mm. The object
clustering results shown in Figure 4.14 are similar to the ones in Figure 4.13. However, according to
Algorithm 3.5, the two points belong to one cluster if their digtarns less than the distance threshold,

‘Q . Therefore, setting? = 10mm becomes risky because a larger value to be considered as the
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maximum distance in between two 3D points that should belong to a single object may lead to group in
a same clusteparts of the scene that are actually belonging to different objects.

(f)

Figure4.12: Cluster extraction with parametafy, = 3nm and2D fixation pointof coordinates: (aj290,
208); (b) (292,161); (c) (305,194); (d) (319,155); (e) (324,210); and (f) erthrgiering resuldf (e).

(f)

Figure4.13: Cluster extraction with parameted, = 5mm and 2D fixation point of coordinates: (a)
(290,209); (b) (290,160); (c) (305,189); (d) (317,159); (e) (325,209); and (f) enlarged clusterirgf result
().
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(d)
Figure4.14: Cluster extraction with parameted, = 10mm and 2D fixation point of coordinates: (a)
(291,211); (b) (293,159); (c) (304,188); (d) (321,158); and (e) (324,214).

Figure 4.15 illustrates such an erroneous situation where multiple objects are grouped a$ @ae 3D
cluster (upper right sulimage). A transparent ruler (seen over the objects in Figures 4.15a, 4.15c and
4.15e) is used to measure the actual width of the gap between the pink sponge and the yellow sponge,
which is here 1cm. In this scenarf@, set to 10mm is too large with respect to the scale of the actual
objects and their separation for reliably extracting the cluster of a single object with Algorithm 3.5. The
green line overlapping the yellow object in Figure 4.15 is only an artifact fnenfPoint Cloud Library
(PCL)76] used to display the resulting 3D cluster. It has no particular meaning in this figure.

In conclusion, Algorithm 3.5 is found to perform well with the distance threshold 48t te 5Smm when

the testing setup shown in Figueel is used. This setting allows the object cluster recovery from the
point cloud after background planar surface extraction with enough details about the object of interest
to support the next processing stages. The tests performed and reported in §igure through 4.15
revealed that ifQ is small, an object tends to be split into multiple clusters and therefore the cluster
containing the object of interest tends to exhibit missing parts. On the other haid, i larger, the

object itself carreliably be recovered and the base of the robotic hand can also be recuperated in the
object cluster. However, for a too high value®@f, multiple objects can be grouped in a single cluster,
which is not desirable in this resear@s the objective it0 categorize the deformation behavior of one
object at a time. Obviously, tuning the parameter is dependent on the setup used, the resolution of

the sensor, and the scaling of the scene that depends on the relative distance between the objects and
the sensor. A tuning procedure such as the one described in this section should be performed whenever
the acquisition stage is modified. Furthermore, as shown in Figures 4.11 through 4.15, the location of
the 3D fixation point, that is the correspondenttime point cloud to the 2D fixation point in the RGB
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image, does not significantly affect the clustering results. Given the concerns for efficiency and accuracy
of the object clustering procedure from the point cloud after background planar surface datratite
parameter,Q , is settoQ = 5mm forall experiments in this thesis.

o (e)
Figure4.15: Cluster extraction with parametedy, = 10mm with multiple objects in the scene and 2D
fixation point of coordinates: (a) (307, 320); (b) (308, 278); (c) (323, 300); (d) (334, 272); and (e) (338,
319).

4.2.3 Bounding Window Size

As detailed in section 3.3.3, the extracted 3D object clustpragected back onto the RGB image and
the resulting projection is used to compute a bounding window around the identified glgedtthat

also serves for the initialization of the level set method. In particular, the bounding window with which
the levelset is initialized represents the bounding box around the 2D points (the farthest left, right, up
and down locations) corresponding to the extracted 2D cluster, plus a border of several pixels around it,
which is a parameter determined by the user. Here, study the contour detection results obtained
with five different sizes of the bounding window in two casgahen the object is held by the fingers of

the robotic hand andii) when the object sits on the palm of th®botic hand These results are
obtained using the following values for the parameters: the distance threshold for the planar surface
model extracteds set too= 1cm, and the distance threshold to generate the 3D point cloud clister

‘Q =5mm, as established earlier. Also the blapit size of the logolar mapping is set td = 3. The
impact ofthis parameter wil be examined in section 4.2.4.

The contour detection results on an object sitting directly on the palm of the robotic Aaddvhenno
interaction occurswith the robotic hand fingertips, are displayed in Figure 4.16. This figure shows the
Cartesian bounding window images (first row) and their corresponding cortical images (second row)
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when an additional border of 1 pixel, 20 pixels, 30 pixels, 50 pixels and 100 mseksctively, is used
all around the initially extracted cluster, as discussed in section 4.2.2.

(@) (b)

() (9 (h) (i) 0)
Figure4.16: Contour detection on an object sitting on the palm of ttebotic hand (a) Cartesian
bounding window with additional border of 1 pixel, (b) 20 pixels, (c) 30 pixels, (d) 50 pixels, (e¢) 100
pixels; and (f) cortical image of (a), (g) cortical image of(h)cortical image of (c), (i) cortical image of
(d), (j) cortical image of (e).

Comparing Figure 4.16a to 4.16e, we notice that the contour becomes smoother when the number of
pixels of the additional border increases. Examining the respective columRgyare 4.16, we can
observe that the size of the cortical image also varies proportionally to the size of its corresponding
Cartesian image, a relationship that originates from Equation 2.12 and Equation 2.13 in section 2.3.4.

Similarly, Figure 4.17 shewhe Cartesian contour detection results when the object is held by the
fingers of therobotic handfor different sizes of the bounding window images and their corresponding
contour detection results ovéapped on the cortical image$he same five casese considered here,

with an additional border of 1 pixel, 20 pixels, 30 pixels, 50 pixels and 100 pixels, respectively.
Comparing Figure 4.17a to 4.17e, we again observe that the contour is better defined when the
bounding window image is larger, and thkame trend o the size changes between the cortical images

in Figure 4.17f to 4.17j occurs.

The reasoning behind these observations is that a larger bounding window in the Cartesian image
provides more information for its cortical image counterpart on \htbe fast level set is applied,
resulting in the cortical contour being detected with more precision, which in turns leads to a smoother
Cartesian image display of the contour at the output. The relative size of the bounding window depends
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on the size othe object in the RGB image. However, because neaitiral performance is desired for
contour detection or tracking, the size of the bounding window should not be too large in practice, as it
makes for supplementary pixels, or cortical image pixelsgetprocessed.
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Figure4.17: Contour detection on anlgject held by the fingers of theobotic hand (a) Cartesian
bounding window with additionaborder of 1 pixel, (b) 20 pixels, (c) 30 pixels, (d) 50 pixels, (e) 100
pixels; and (f) cortical image of (a), (g) cortical image of (b), (h) cortical image of (c), (i) cortical image of
(d), (j) cortical image of (e).

When we compare each figure from FHigw.16 to its corresponding figure from Figure 4.1¢aih be
seenthat the tracking contour results are more accurate in Figure 4.17. This is due to the fact that the
size of the bounding window image in Figure 4.17 is larger than the size of itspoord@sgy image in

Figure 4.16, especially on the width. This is caused by the initialization stage of the fast level set method.
In Figure 4.16, the initialization area is projected from the 3D cluster points that correspond to the rough
estimation of the dject surface only as thebotic handfingers are not touching the object; while the
initialization area in Figure 4.17 is projected for the 3D cluster points that contains the object and parts
of the robot fingers, making it wider, and resulting in ovkelager images for the area of interest, even

with similar number of extra pixels added all around.

Based on this experimentation, and in order to achieve as effectiveaapdecise as possible contour
detection, we selected the parameter for the addital border as 20 pixels for the case when the
distance of the Kinect sensor with respect to the object surface is about 75cm. As the surface of the
image that is covered by the object of interest increases when the distance separating the Kinect sensor
and the object decreases, a proportionally larger surface needs to be assigned for the bounding window
when the sensor is set closer to the objeat a result, a larger value for the border size, of 50 pixels, is
used when the Kinect sensor is situatecaibut 55 cm above the surface of the object of interest. This
provides a mechanism to takito account the effect of the scaling factor.
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4.2.4 Log-Polar Mapping: m and 2D Fixation Point

The cortical image obtained through lpglar mapping from the Carséan image depends on the
position of the 2D fixation point on the object, as welloagthe radius of the blind spot (in pixel$),, as

it will be shown in the experiments presented in this sectids.introduced in section 2.3.4 the log

polar mapping approach, the 2D fixation point plays the role of the center of the transformationnd

which point the precision of the cortical image is maximal (the area with the highest resolution mapping
from the Cartesian image is located on the left part loé tcortical image, as thé axis is depicted
horizontally from left to right). The 2D fixation point also represents the blind, $pothat is the area in
which the Cartesian image is hot mapped to the cortical image. This results in a black #reabject
surface in the retinal image. Particularly, the first column of the cortical image is composed by the
nearest neighboring pixels to the fodi spot in the Cartesian image.

(k)
Figure4.18: Contour detected with a blind spot size gf1 pixel: 2D fixation point at (a) the tdeft
corner of the object; (b) the bottodeft corner of the object; (¢) the centerf the object; (d) the top
right of the object; (e) the bottornight of the object; () corresponding cortical images; andqk
corresponding retinal images.

The experimental results show the impact of the blind spot size and of the position ak#tieri point

on the performance of the proposed solution, and are achieved for the other parameters set as follows:
the distance threshold for the planar surface removal proceduke=islcm, the distance threshold for
point cloud cluster extraction i = 5mm, and a border of 20 pixels around the bounding window is
used given that samples considered here were acquired with the Kinect sensor located at about 75 cm
from the object. The results in Figures 4.18 to 4.21 show the contours of the objddvyhéhe fingers of

the robotic hand for different sizes of the blind spot accompanied by various positions of the 2D fixation
point, depicted as a green dot over the object in the input Cartesian image. The corresponding area
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where the object surface isot mapped to the cortical image is depicted as a black dot in the retinal
image, which enlarges with the size of the selected blind spot.

(k) 0) (m) (n) (0)
Figure4.19: Contour detected with blind spot size 6§=3 pixels: 2D fixation point at (a) the tdgft
corner of the object; (b) the bottorteft corner of the object; (c) the center of the object; (d) the top
right of the object; (e) the bottorright of the object; {)) corresponding cortical images; anddk
corresponding retinal images.

Comparing the contour detection results for different positions of the 2D fixation point in the first row
of Figure 4.18 to 21, we can see that, when the 2D fixation point is located in the central area of the
object of interest, the contour results are smoother compared to the cases where the 2D fixation point
is located close to a corner of the object in general. Although albof the detected contours fit
perfectly with the object of interest, the fast level set method still works well on detecting those
contours. In order to minimize the noise on the detected contours, we recommend the selection of the
2D fixation point® be as close to the center of the object of interest as possible.

Each column of Figures 4.18 to 4.21 shows the Cartesian image, the corresponding cortical image
transformed with the 2D fixation point for the one of the five different positions on theabjand the

retinal image resulting from the inverse lpglar mapping. By comparing the sizes of the Cartesian
images to their corresponding cortical images, a reduction of size can be observed for the cortical
images. All the cortical images and theimed images of Figures 4.18 to 4.21 are obtained with different
values for the blind spots, where the pixels within the radius of the blind spot are not mapped to the
cortical images in the second row of each figure, and the corresponding blank area chseoeed as a

black point on the object in the last row of each figure.
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(k) 0]
Figure4.20: Contour detected with blind spot size o§=5 pixels: 2D fixation point at (a) the tdgft
corner of the object; (b) the bottoAeft corner of the object; (c) the center of the object; (d) the top
right of the object; (e) the bottormight of the object;(f-j) corresponding cortical images; anddk
corresponding retinal images.

The size of the blind spot affects the size of the sector, and therefore the height of the cortical image
resulting from the logpolar mapping. Equations in section 2.3.4 detizdt the size of blind spot affects

the size of the cortical domain. Comparing Figure 4.18 to 4.21, one can notice that the height of the
cortical image increases with an increase in the size of the blind spot. In general, a larger cortical image
can provile more accurate contour information, so that the detected contour appears smoother when
remapped in the Cartesian domain. However, this is not always the case. One can observe in Figure
4.21b that one corner of the object contour, surrounding the seledieation point, is missing. This is
explained by the fact the blind spot area is so large in that case that the section of the object contour in
the Cartesian image is not transformed to the cortical imageit aan be seen in the center part of
Figure 4219, where the green line is missing as that important section of the object is occluded by the
blind spot.

In summary, to make the selection of the 2D fixation point flexible and robust, it is recommended
setting the parameter of the blind spot sizé ] to a value that will not affect the relevant pixels
corresponding to the contour of an object. On the other hand, the detected contour is preferably
smooth when remapped in the Cartesian domain to enable a reliable comparison for material
characterizatn. For that reason, the value bf cannot be too low neither. In this work, a value”of=

3 pixels is empirically selected for all test cases as it provides a proper balance between these two
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constraints. For this value, Figures 4.19a to 4.19e deimatesthat the results are relatively robust with
respect to the location of the 2D fixation point, marked by a green dot in the input Cartesian images. It
can be noted that a more central position of the 2D fixation point also tends to lead to a smoother
contour, while the contour is more jagged if the 2D fixation point is seleatedg the sides of the
object.

Figure4.21: Contour detected for blind spot size of=10 pixels: 2D fixation point at (a) the tdgdft
corner of the object; (b) the bottoAeft corner of the object; (c) the center of the object; (d) the top
right of the object; (e) he bottomright of the object; ) corresponding cortical images; andak
corresponding retinal images.

4.2.5 Color Selection Scheme

The proposed algorithm for color space selection computes, in the cortical domain, the mean intensity
values and their corresponding standard deviations for each column in the U and V components,
respectively, with the purpose of selecting one of them dgature for the fast level set method. In
particular, the component having the larger standard deviation is chosen. As discussed in section 3.3.5, a
large standard deviation value indicates that the mean values of the columns are more widely
distributed, while a small standard deviation value shows a tendency for all the values considered to be
similar to the mean. As a stronger contrast of color is preferable to enable a simpler and faster contour
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detection process, the component with a larger standardiditon among the U or the V channels is
selected.

The following figures where five different locations of the 2D fixation point are considered show the

contour detection results in the Cartesian domain and in the cortical domain obtained by using the U or
the V component as features for the fast level set method, respectively. All the experimental results are
achieved for the same tuning of the parameters as defined in the previous sections

Figure 4.22 shows the contour tracking results in the Cartedigmain and in the cortical domain, as

well as the U and V components of the initial image encoded in the YUV color space. Figure 4.23
presents the mean values computed over the columns for the U and V components respectively. It can
be noted that the Cartgian contour (Figure 4.22d) obtained from Figure 4.22f is more precise and
sharper compared to the one obtained from Figure 4.22c and shown in Figure 4.22a. Comparing Figure
4.22c and Figure 4.22f, it can be noted as well that the difference between tfextoand the
background is clearer for the V component than from the U component in this case. The same
conclusion can be reached by studying the mean values in Figure 4.23. We can observe that the mean
values of the columns of the U component over the gmaend to be relatively constant (blue line),
while the mean values of the V component are quite variable (red line). These aspects justify the choice
of the V component as the feature for the level set in this case.

@) (b) (©) (d) (e) (f)

Figure4.22: Contour detection with 2D fixation point at the center of the objdef Cartesian cdaur
obtained from (c), (b) cortical contour obtained from (c), (c) U component of YUV color coded cortical
image; (d) Cartesian contour obtained from (f), (d) cortical contour obtained from (f), and (f) V
component of YUV color code cortical image.

The bcation of the 2D fixation point on the Cartesian image affects the distribution of its cortical image.
For example, when the 2D fixation point is roughly selected in the center of the object, it leads a log
polar image with two distinct regions separatatbng the vertical direction (Figures 4.22b and 4.22¢),
corresponding to a clear change in the mean values in between the columns of the cortical image
(Figure 4.23). Even when the 2D fixation point is not in the center of the yellow sponge, as shown in
Figures 4.24, 4.26, 4.28 and 4.30, the mean values in the columns of the V component have significant
changes compared with the U component, for this test scenario, which results in a more accurate and
smoother contour being detected using the V componenthea than using the U component,
independently from the location of the fixation point.

78



mean values of U and V components

250 —u

—_—

200

150 B R S,

100 /“——‘*

50

mean value of each column

0 10 20 30 40 50 60 70

number of column

Figure4.23: Mean values of U and V components in each column of the cortical émage

As expected, the experimente¢sults reveal that the choice of the fixation point has no impact on the
color component selection, which only depends on the trend of the intensity value of each column of
the cortical image on a particular color component.

(@) (b) (©) (d) (e) (f)

Figure 4.24: Contour detection with the 2D fixation point at theptleft corner of the object:(a)
Cartesian contour obtained from (c), (b) cortical contour obtained from (c), (c) U component of YUV
color coded cortical image; (d) Cartesian contour obtained from (f), (d) cortical contour obtained from
(f), and (f) V comonent of YUV color coded cortical image.
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Figure4.25: Mean values of U and V components in each column of the cortical images in Figure 4.24.
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Figure4.26. Contour detection with the 2D fixation point at the bottdeft corner of the objecti(a)
Cartesian contour obtained from (c), (b) cortical contour obtained from (c), (¢) U component of YUV
color coded cortical image; (d) Cartesian contour obtained from (f), (d) cortical contour obtained from

(b) (©) (d)

(f), and (f) V component of YUV color coded icaitimage.
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Figure4.27: Mean values of U and V components in each column of the cortical images in Figure 4.26.
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(f), and (f) V component of YUV color coded cortical image.
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Figure 4.28. Contour detection with the 2D fixation point at the tejght corner of the objecti(a)
Cartesian contour obtained from (c), (bjrtical contour obtained from (c), (c) U component of YUV
color coded cortical image; (d) Cartesian contour obtained from (f), (d) cortical contour obtained from
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Figure4.29: Mean values of U and V components in each column of the cortical images in Figure 4.2

@) (b) (€) (d) (e) (f)

Figure4.30: Contour detection with the 2D fixation point at the bottanght corner of the object(a)
Cartesian contour obtained from (c), (b) corticahtour obtained from (c), (c) U component of YUV
color coded cortical image; (d) Cartesian contour obtained from (f), (d) cortical contour obtained from
(), (f) V component of YUV color coded cortical image.
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Figure4.31: Mean values of U and V components in each column of the cortical images in Fafure 4.
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4.2.6 Contours Extract ion from RGB Color Space

Since the color frame captured from the Kinect sensor ischanel RGB frame, thgystem could
alternativelyoperate directlyin the RGB spac#herefore avoiding thetransformationfrom RGB to YUV
color spacethat is proposed Experimens were conducted tcevaluate how the contours detected
directly from the RGB color spacempare, inrelevance and accuracy, to contours obtained when the
proposed approach to automate color selection from the U or V compofdsiailed in section 3.3.5%
used

.,":" . - d J
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(a) (b) @ (d)
Figure4.32: Contours of object of interest are detected: (a) from B color component, (b) from G color
component, (c) from R color componeand (d) from U color componenselected using the automatic
color selection scheme enabled by the4ogjar transformation

Figure 432 presents a representative sample case from thegperimens. Figure 4.2ac showsthe
contour detected fromthe B, G, and R color compents, respectively. Figure 2@ shows the contour
extractedon the same viewbut from the U color componentwhichwas selectedvith the proposed
automaticcolor component selection schemé&heclosecontours extractedby applying fast level set in

the R@ colorspace(Figure4.32&c) are not entirely matching with the actual contowf the object of
interest This igmainlydue tothe R, G and B color componefiensitivityto brightnessln contrast, the
202S00Qa 02y 2 dzNSel&ttddedioOdorBpaner® pr@&seants mucts mofeaccurate object
contour detection. This phenomenon was observed on sevesamples tested. Therefore, it was
concluded thathe RGB color space is not the optimal choice for detecting the contour of the object of
interest and the framework for automated color component selection in the YUV color space was

developed
4.2.7 Contour Extract ion in the Cartesian Domain

Since the color frame captured from the Kinect seris@ Cartesian imaget, was also considered that
the system could operate directly this domaintherefore avoiding the transformation to the legolar
domain. This could theoretically save some computation tirkkawever itmay increase thenecessary
human intervention on the systeno select the propearea of interest This is due to the fact that such

a solutionremoves the possibility taely on the proposed automatic color selection schemthat
operates from an o#ine analysis of the contrast over a neat separation line in between the object and
the background The loss of the concentration of pixels of interest, surrounding the user selected
fixation point,for a more arbitrary distribution of pixels corresponding to the object of interest over the
Cartesian map, makahe cluster extraction more difficult, and therefore impeden the final contour
extraction. Thissection reports on experiments conducted to compaoentours detected froman
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original Cartesian imagt contours extracted with the proposed method ovetransformed cortical
image.Figure 4.33 presents a representative sample case from these experiments.

(b)
Figure4.33: Contours of object of interesta)detectedover theoriginal Cartesian image, (detected
over thetransformedcortical image.

Figure 4.33aillustrates howthe detected contour enclasthe object of interestas well aghe fingers of

the robotic hand, whictare not part of the desired contour. In contrast, the contour of the object of

interest is detectedwvith more accuracy when the proposed scheme is agplinvolvingthe use of the

log-polar mapping andhe automated color selectiarTimewise,titakesabout307 ms for extracting the
202S500G0Qa O2yi(i2dz2NJ FNRY (KS 2 Mhildiktgkésibout2b3E t6 éblainy A Y I 3
amore accurat®o 2 SO0 Qa 02 y (imldedmBINIRE expectéd rdd@ibn in processing time

is not observed becausaf the way information is organized in the lpglar dormain (as presented in

section 3.3.4that favors the contour convergence.

4.2 .8 Influence o f the Gaussian Filter

In the proposed fast level set method, the initial curve evolves according to the speed function, which
has two components: thalatadependent speed functiorand the curve smoothnes regularization
speed function. The latteis simpliied as a Gaussian filtems it was detailed in section 3.3.6
Experimens were alsgperformed to study the impact of th&aussian filter nthe fast level et.

(@& (b)
Figure4.34: Contours ofobject of interest are detected: (a) witlut Gaussian filter, (b) with Gaussian
filter.

As can be seen in Figure 4.34% tetected contour of the object of interest withoatGaussian filter is
relatively rough given the low resolution of the camerand especiallyin some regions such dhe
partial contour that is circled in yellown contrast, the contouextracted with a Gaussian filter, in
Figure 4.43b, is smoother and it more accurately represents the contour of the object of interest.
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In generalpur experimental results revealed similar behaviors, which are expected, as discussed from a
theoretical point of view in sections 2.3.2. and 3.3.6. Therefore, it was concluded that the Gaussian filter
should advantageously be used as part of the fastl lssemethod.

4.2 .9 Influence of Score Threshold

Once three representative contours of the object are obtained from the sequehd@GBD data(as
detailed in section 3.4.2), theconditional DTW algorithm (Algorithm 2.4) is applied to establish a
pairwise correspondence between pixels from these three contours. The classification system reaches a
decision according to the process shown in Figure 3.22, where the calculated score value (defined
section3.4.3) is compared to a score threshold.

A series of experiments is performed to study the impact of the value of the score thregkinldn the
proposed classification approach. The scores are computed pairwise between the initial cahéour,
contour under largest deformation, and the final contour after the force is removed. Only if the value of
the score is lower than its set thresholdpesthe classification system consider that a deformation
occurs. To evaluate the impact of the thieéd value on the object classification, tests are repeated 60
times for three different threshold values and the results are shown in Fig®3te The figure presents

the results under the form of confusion matrick], obtained on an elastic object for a threshold value

of 0.5 0.75 and 0.97 respectively.

Score Threshold = 0.5 Score Threshold = 0.75 Score Threshold = 0.97
Elastic Object Confusion Matrix Elastic Object Confusion Matrix Elastic Object Confusion Matrix

Output Class

EP R E [ EP R E P =
Target Class Target Class Target Class

E P R

(a) (b) (€)
Figure4.35: Classification results presented as confusion matrices for an elastic @nj@ébr various
values of the score threshold: (@ = 0.5; (b)0Q = 0.75; (cpQ@ = 0.97. The material type is deted

as E (elastic), P (plastic), EP (elgpdastic), and R (rigid).

In the confusion matrix, E, P, EP and R denote the materialwhieh areelastic, plastic, elastplastic

and rigid, respectively. Each row represents the predicted class (Outms) Gldile each column shows

the true class (Target Class), which is considered as the ground truth, determined from the prior
knowledge that we have about each object. Correct classifications (diagonal green cells) and
misclassifications (offiagonal redcells) are highlighted, and their corresponding average success and

failure rates are calculated on the confusion matrix. The gray column on the far right of the matrix
represents the overall accuracy for each predicted class, and the gray row at tleenbottthe matrix
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represents the overall accuracy for each true class. The bottom right blue cell shows the overall accuracy
across all categories of material considered.

Given that an object made of elastic material is considered in this e#sieh is the yellow sponge
shown in previous examples, the confusion matrix matches the predicted class of an object (output of
the classifier) against the true class that is expected (an elastic object) in order to determine the correct
classification rate (highlight in green characters) and the misclassification rate (highlighted in red
characters). The value of the score threshal®, under examination here, is chosen as the lowest
value that achieves the highest correct classification rate. One can obsetyertlthis case, the object

is classified with an accuracy of 100% as the elastic object in Figbte faBa threshold value of 0.75.

In this thesisgQ is therefore empirically set to 0.75.

Experiments also revealed that for low threshold valueg.@Q® = 0.5 as in Figuré.35a), the approach

is insufficiently responsive to slightly different contours under the lighter grasping force. Because of the
low threshold value, the object is misclassified as rigid in almost all the test cases (uPto e of the

trials). On the other hand, for larger threshold values (6@.= 0.97 as in Figure 48), the proposed
classification approach is overly sensitive and therefore is easily impacted by noise which eventually
degrades the classification germance. In this case, the impact of a large threshold value is that the
object is categorized as either elastic (91.7%), which is correct, or glsttic object (8.3%)which is
wrong.

4.3 Influence of Kinect Position and Orientation

In this section, the impact of variow®nfigurationsof the Kinect sensor with respect to the object is
studied. Several experiments are performed, including tests for various distances of the Kinect sensor
with respect to the object, various positions of the Kinect sensor around the object, and varigals init
orientations of the object within theobotic hand

4.3.1 Various Positions of Kinect Sensor

The aim of this section is to demonstrate that the proposed tracking approach is able to correctly
identify the object contour regardless of the position oétkinect sensor with respect to the object. The
following figures exhibit the tracking results for eight different positions (upper, lower, left, right, upper
left, upperright, lowerleft, and lowerright with respect to theobotic hang of the Kinect sesor over

the object as illustrated in Figure36. For these experiments, the Kinect sensor, with a fixed distance of
55cm from the surface of the object, is mounted on a tripod as shown in Hg8ra.

The parameters used for these tests are definedadlews: 0 = 1cm,’Q = 5mm, bounding window
enlargement= 20 pixels, arid = 3.
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Figure4.36: Positions of the Kinect sensor with respect to the object mbtic hand

Figure 4.3a shows the Kineaensor placed on the upper position, which is the common position for
sensor in the thesis. In Figure 43 the points of the planar surfacewith the model

TMINMoOVCA@NO QT CWUL TMYPYUL L o T@YX P T L om are removed from the
point cloud. Figure 4.3c shows the extracted cluster surrounding for 3D fixation point, computed
through 2D- 3D mapping of the user selected input point. The user input point (282, 150) is denoted by
the green dot in Figure 478. The latter also exhibits the traakeontour, in green.

(b)
Figure4.37: Upper position: (a) setup, (b) pointoad after background plane extraction, (c) cluster
extracted and (d) contour detection result.

Figure 4.8 &aK2gad (GKS YAYSOUG aSyaz2N) f20FGSR 2y43B.KS LI2aj
Using the same parameters, Figute38b shows the poincloud after the background table removal
procedure (with the planar surface modelM@imX T cQ U X8 X X TW W T X Y @0 C
1@ @ ¢ o 1 ym). The clustering works well as shown in Figi@c. An example of the detection
contour around the 2D fixain point (311, 118) can be seen in Figdrésd.
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(a) (b) (d)
Figure4.38: Lower position: (a) setup, (b) point cloud after plane extraction, (c) clestesicted and (d)
contour detection result.

Figure 4.8 shows the Kinect sensor positioned on the left side ofrifteotic hand the point cloud with
the background plane reaved (ith model T8I T X oY WTE Yp D X T X @ Qap g

@) @ X U L W), the cluster representing the object in 3D, and the contour around the 2D fixation
point (285, 191), shown in Figu#e39d.

(a) (b) (d)
Figure4.39: Left position: (a) setup, (b) point cloud after plane extraction, (c) clesteacted and (d)
contour detecton result.

Figures 40 exhibitsthe result of each step when the Kinect sensor is placed on the position denoted as
AGNRIK(G LI2&AGA 2 yrébotis haidkTheNoBiritsLd@rpaisingitige backgrdund table (with the
planar surface modelTMI M wq¢ waopd Yrmpdpu T x X pO Y T OT T p 1 are well
removed from the point cloud. A set of remaining points are clustered to represent the object of
interest. The contour tracking based on the point cloud cluster is shown in Fiydfesfor a user input

point of coordinates (300, 213).

Figures 4.3 through 4.40 show the result of each step from the contour tracking system when the
Kinect is placed in upper, lower, left and right positions, respectively. According to the obtained point
cloud after background plane extraction, the cluster of the object of inter@sdl the detected contour,

it is observed that the different positions of the Kinect sensor do not affect the performance of the
proposed contour extraction system. In order to further demonstrate that the location of the Kinect has
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no effect on the propeed contour tracking system, the following figures show the contour detection
results when the sensor is located at an angle with respect to the object and robotic hand.

(b) (©) (d)
Figure4.40: Right position: (a) setup, (b) point cloud after plane extraction, (c) clesteacted and (d)
contour detection result.

Figure 441 shows theKinect sensor placed in the uppleft position with respect to theobotic hand
and the result of each significant step. By processing the point cloud read from the Kinect from this
position, the background plane (with the modei@t mu ¢ T @ WO WTIYW T X P od Y

@) X 11X @ @) is successfully extracted as illustrated in Figuddb. The cluster recovered from
the point cloud after plane extraction is shown in Figdrélc. The extracted contour of the object of
interest detected based orhe 2D fixation point of coordinates (381,265) is shown in Figuid.

(a)
Figure4.41. Uppetleft position: (a) setup, (b) point cloud after plane extraction, (c) clusktracted
and (d) contour detection result.

In Figure #42a, the Kinect is positioned in the uppeght position with respect to theobotic hand
From the point cloud and the RGB image read from Kinect sensor and the 2D fixation point (216,274)
specified by the user, all the points composing the background plane mod8t Ty wu & p @

™ XC Qe ¢ TP PP Q¢ T X ¢ w Tt Wi are disceded when we cluster the points of the
object from the point cloud after plane extraction. The extracted contour is correctly placed around the
object of interest (Figurd.42d).
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Figure4.42: Upperright position: (a) setup, (b) point cloud after plane extraction, (c) clusténacted
and (d) contour detection result.

Figure4.43 shows the Kinect in the loweéeft position of therobotic hand The points belonging to the
background plane model @t p o T @@ UM PG oG QTR X L Ydp p TR X O G L XT) are
extracted from the point cloud read from the Kinect. The points ofdhgct are grouped together as
shown in Figure4.43c. The contour detected is shown in Figutel3d for a user input point of
coordinates (221,267).

‘ B
4
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9

(b) ( d

Figure4.43. Lowerleft position: (a) setup, (b) point cloud after plangtmaction, (c) clusteextracted
and (d) contour detection result.

Finally, the point cloud and the RGB image are captured from the Kinect sensor placed in thegbtver
position with respect to the robotic hand (Figuded4a). Figure4.44b shows the pimt cloud after
background plane extraction (with the planar surface modef@t M w@ X @ o pr@ Y1 TP X
Ty X v Mgt T X LT wTm), and Figure 4.44shows the cluster recovered from it. Figure
4.44d shows the detected contour over the RGB imagé wiuser input point of coordinates (397,237).

In conclusion, tests were performed for 8 positions of the Kinect sensor surrounding the robotic hand

(Figure 4.8). Figures 4.34.44 demonstrate the robustness of the approach for different locations of

the Kinect sensor, which indicates that the proposed contour detection system correctly captures the

object contour independently of the placement of the Kinect sensor.
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Figure4.44: Lowerright position: (a) setup, (b) point cloud after plaegtraction, (c) clusteextracted
and (d) contour detection result.

4.3.2 Various Orientations of Object

The proposed contour detection approach is also capable of extracting the object contour regardless of
the location at which the object is placed inhé robotic hand as it is demonstrated by the
experimentation in this section. Various objects with different properties, under various starting
conditions (i.e. placed with different orientations within the robot fingers), and under the manipulation
of various grasping forces are tested. The experiments are conducted in order to evaluate the
robustness of the proposed object contour detection system with respect to vapos#ions and
orientations of the object, and the results are shown in Figuré thiough 4.4.

(© M

Figure 4.45. Robustness of detected contours om @&lastic yellow sponge at various stages of
deformation: (ab) object positioned horizontally along its short sided]@bject positioned horizontally
along its long side; (B object shifted slightly along its long side; anéhfgbject rotated by 4%

Figures 45, 4.46, and4.47 demonstrate that the contours around each object are correctly identified
throughout the manipulation sequence. These results indicate that the proposed contour tracking
system can successfully detect and track the contour of the object of interest tegardf the initial
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position of the object in the robotic hand, and under several magnitudes of applied force and levels of
deformation.

() | (@ (h)
Figure4.46. Robustness afetected contours on a red elastic sponge at various stages of deformation:
(a-b) object positioned horizontally along its short sided{mbject positioned horizontally along its long
side; (ef) object shifted along its long side; andh(gobject rotdaed by 45.

() " 0) | (@ " (h)
Figure4.47. Robustness of contours detection on blue plasticine dofwgth plastic characteristicgt
various stages of deformation: -( object positioned horizontally along its short side-df object
positioned horizontally along its long side:f{@bject shifted along its long side; andh(gobject rotated
by 45.

4.3.3 Sensor-to-Object Distance

The tests shown in Figure 8alare conductedto determinethe limits on the distance at which the
Kinect sensor can be located with respect to the surface of the object for its contour to be reliably
extracted and tracked. The contour can be extracted over a range from 50cm up to 150cm separating
the Kinect sensor from the object. However, the relative setsarbject distance has an impact on the
performance of the object classification procedure since the object of interest appears smaller in the
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image with a largesensingdistance, resulting irfewer details over the object contour to properly
support the classification in the four categories of material considered. As a result, when only light
forces are applied on the object, the magnitude of deformation is limited and may be insufficient to be
perceived during contour tracking from a low resolution image. Therefore, the best range of distances to
be used is between 55 and 75cm. In the example shown in Figd8b, the Kinect sensor is positioned
along the circumference of a semicircle of radibbem, centered at the object of interest. The tests
indicate that the Kinect sensor can reliably be placed at any distance within the specified range from the
object, and at various positions around the object of interest, while achieving reliableficktisn
results, as will be discussed in section 4.5.

Kinect's Image Plane
Kinect's Image Plane

(a) (b)
Figure4.48: (a) Effect of the distance between the surface of tiigect and the Kinect sensor; (b)
various positions of the Kinect sensor with respect to the object.

4.4 Object Contour Detection and Tracking

In this section, the two proposed approaches for the detection and tracking of an object contour,
detailed in setion 3.3.6 are experimentally evaluated: The first one focuses on robustness, the second
one on speed. In these two approaches, the RGB image and the point cloud are collected directly from
the Kinect sensor with a frame rate of 30 Hz. The experimentsaréd out on a 2.6 GHz Intel Core i7
with 8 GB of RAM laptop.

4.4.1 Robustness-Focused Contour Detection

This approach initializes the fast level set for each frame independently. In other words, the process of
extracting the 3D object cluster from theatkground removal point cloud, projecting it to the color
space and computing a bounding window is implemented as an initialization step for every frame.

As observed in Figure 84, this object detection approach offers the capability to detect theeobj
contour of the blue sponge with red inserts even under an occlusion caused by another object (Figure
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4.49b); when the occluding object is moved over the 2D fixation point, the contour migrates to the
occluding object (Figuré.49c,d); the object contouof the blue spongevith red insertsis redetected
after the occluding object is moved away (Figdrd9e,f). This approach also exhibits the capability of
correctly extracting the desired object contour (blue spongth red inserty even when another
sponge is introduced in the field of view, whicasthe same color as the internal details of the desired
object (Figuret.49q), that do not get confusedsan inner contour. The fact thatre-initialization from

the fixation point éxcept thatthe original user selection is preserved and the rudees not need to
intervene after the first frame) is performed at each iteration provides an interesting degree of
robustness for extracting the object contour in scenarios where the scene is not well sediabar
occlusions happen. In the latter case, our experiments demonstrated that the recovery capabilities of
the system are high.

Figure 4.49: Robustnesfocused contour detection: (@) a series of detected object contours with
occlusions by a yellow spongeachingover the 2D fixation point; and-{f) a series of detected object
contours with occlusions bya@lor conflictingsponge.

However, the penalty for robustness is that this approach requires a longer processing time to detect
the contour on each frame due ta complete reinitialization. For each frame, the average detection
time is 255.35 ms. Detailed statistics on the detattiime per frame required for a variety of objects
made of different materials, and under the three levels of force considenedisted in Table 4.1.

The shape of object, its color, the type of material it is made of, and the amount of force applied do
influence significantly the required detection time per frame. This approach achieves an update rate of
the contour of about 4 Hz due to the computationally expensive method for planar surface removal and
clustering required to initialize the contodior every iteration. This is well under the 30 Hz frame rate
supported by the Kinect sensor to acquire in parallel the RGB image and the point cloud.
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Table4.1: Contourdetection timeper frame (ms)

Object Force Detection time (ms)
Blue+red sponge Light 262.05
‘. Medium 262.74
e Strong 266.81
Red+green sponge Light 254.19
Elastic Object Medium 258.73
Strong 257.73
Yellow sponge Light 256.81
» 5 | Medium 258.20
! Strong 257.40
Blue plasticine dough Light 253.29
“_:_ Medium 253.42
A Strong 253.16
Yellow plasticine dougf Light 253.04
Plastic Obje& o i Medium 252.72
P Strong 25233
Orange plasticine doug Light 253.55
‘ Medium 253.10
L‘ Strong 252.40
Stressall Light 256.61
Elasteplastic Object . . Medium 254.58
k Strong 253.81
Light 252.21
Medium 252.14
Rigid Object Strong 252.27
Pink case Light 253.55
£ Medium 253.81
ﬁ Strong 254.13
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4.4.2 Speed-Focused Contour Tracking

The second approachroposed attempts to address the main limitation of the previous one, and is
focusing on accelerating the process of contour detection, by integrating contour tracking. It tracks the
contour of the object of interest over a sequence of frames of RGB inaglested from the Kinect
sensor by employing the point cloud only once, for the initialization of the fast level set method. The
processes of extracting the 3D object cluster with the background removal procedure, projecting it to
the color image, and ¢oputing a bounding window are executed only once as an initialization for the
first frame only For the following frames, the output contour obtained from the previous application of
the level set function is used as the initialization for the next iteratf the level set function to be
applied on the current frame, producing an active tracking of the contour of the object. However, the
resulting dependency on the contour from the previous frameliesthat the tracking system needs to

be restarted eacltime a new object of interest or tracking target is used or enters into the scene. This
contour tracking process achieves near f@@e speed, but is not as robust when the object of interest

is changed or occluded during the tracking process, as showigure 40.

(h)
Figure4.50: Speedfocused approach: (a) a series of tracked object contours with partial occlusions by
acolor conflicting objectand(f-h) losing track of object contour due to occlusion of the fixation point by
another object

In terms of computation speed, for each frame, the contour tracking time is 44.4 ms on average, which
is 5 times faster than the performance achieved usingdphproach focused on robustness in section
4.4.1. The contour tracking time per frame for a variety of objects and applied forces is listed in Table
4.2.1In conclusion, the contour tracking process achieves neattiraal tracking, supporting an update

rate of up to 23 Hz, which is closer to the available acquisition frame rate of the Kinect sensor at 30 Hz.
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As more information can be processedsmoother evolution of the contour is achieved, which can be
beneficial for the control of the robotic hand thitto be designed out of this sensing stage.

Table4.2: Contour tracking time per frame (ms)

Object Force Tracking time (ms)
Blue+red sponge Light 48.33
,‘n . Medium 49.23
P Strong 49.70
Red+green sponge Light 55.16
Elastic Objest Medium 61.70
Strong 61.68
Yellow sponge Light 47.00
d A Medium 44.05
hd Strong 45.00
Plastic Object Blue plasticine dough Light 36.77
‘.j Medium 36.56
avs Strong 36.36
Yellow plasticine dougt Light 41.07
. i Medium 39.68
A Strong 44.33
Orange plasticine doug Light 36.85
Medium 38.28
@ Strong 38.04
Elasteplastic Object Stress ball Light 36.26
Medium 35.81
Strong 37.43
Light 86.96
Medium 93.68
Rigid Object Strong 88.88
Light 36.40
£ Medium 37.71
ﬂ Strong 37.01
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However, this approach tends to be more subject to losing track of the contour and is not able to quickly
respond when there are occlusions in the scene. It is able to keep tratkinmpject contour when an
occlusion happens as shown in FigurOd-e, but once the occluding object is moved over the 2D
fixation point, the approach can neither track the contour of the desired object, nor the contour of the
occluding one (Figure B0f-g). It cannot recover the contour on the initial object of interest even after
the occluding object is completely removed from the scene (Fig@@t.In other words, this approach

has the capability to keep tracking the contour of the object, undetiglaocclusion, but with the
condition that the occluding object does not come over the 2D fixation point.

4.4.3 Contour Detection and Tracking Performance for Various Object Materials and
Force Magnitudes

Figures 451 through 4.59 demonstrate testing scearios where contours, marked in cyan, are
successfully detected over a series of frames during the probing process of objects made of materials
with different properties. The objective of these test to validate the capability of the proposed
approach b detect the contour around an objectand ¥2f f 26 Al & AG S@2f @Sa
various colors, materials and textures (the usefected 2D fixation point is marked by a cyan dot).
These results are obtained using the robustregsised conbur detection approach detailed in section

4.4.1. It can be noticed that the approach only extracts the external contour and ignores the internal
details of the object. For example, the external contours are captured in Figbieadd Figure &2

while the inserts are ignored, and the contour extraction is not disturbed by the printed graphical
patterns over the packaging in Figure&.5

Figure4.51: Series of contours around elastic blue sponggh red insertsunder manipulation with: (a)
light force, (b) medium force, and (c) strong force.

Figure 451 shows a series of deformations on an elastic blue sponge with red inserts, and its extracted
contour under the manipulation with the robotic hand when light, medium, and strong forces are
applied, respectively. As expected, the object deformation is more visible when the applied force gets
stronger.
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Figure 452 shows the extracted contour on an elastied sponge with green inserts that varies along
gAOK GKS 2062S500Qa RSTF2NXNIFGA2Y dzy RSN @I NR2dza 3I NI aLJ

(©)
Figure4.52: Series of contours on an elastic red sponge with graserts under manipulation with: (a)
light force, (b) medium force, and (c) strong force.

The contour of an elastic yellow sponge along with its deformation is correctly captured as shown in
Figure 4.8. The contour of the object and its deformation angparent at three contact points with the
robotic hand.

(©
Figure4.53: Series of contours on an elastic yellow sponge under manipulation with: (a) light force, (b)
medium force, andc) strong force.

Blue, orange and yellow plasticine doughs used in our experimentation to represent the case of plastic
objects are each packed in a transparent plastic wrap in order to protect their surfaces from drying out
and cracking when they are gased to the air. The plastic wrap also prevents the material from sticking
to the robotic hand fingertips. Figure4d.54 shows the blue plasticine dough deformation and the
evolution of its contour under the light, medium and strong forces, respectively deformations and
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corresponding contours obtained on the orange and yellow plasticine doughs can be observed in Figure
4.55 and Figuret.56, respectively.

Figure4.54: Series of contours on plastitue plasticine douglinder manipulation with: (a) light force,
(b) medium force, and (c) strong force.

Figure4.55: Series of contours on plastiwange plasticine doughinder manipulation with: (a) light
force, (b) medium force, and (c) strong force.

The stress ball shown in Figure 24iS the only good example of an elagitastic object that we could
identify for testing. It shows the particular property of this type of material that recovers only partially
its shape after the grasping force is removed. The object contours are cgrdstdcted under various
grasping forces as shown in Figure74.5

99



(©)
Figure4.56: Series of contours on plasti@llow plasticine douglunder manipulation with: (a) light
force, (b) medium force, and (c) strong force.

(b)

(c)
Figure4.57: Series of contours on an elagitastic stress ballunder manipulation withya) light force,
(b) medium force, and (c) strong force.

A red package with printed labels on its surface (Figur8)4bd a pink case (Figure 8)%are used as
examples of rigid objects. It can be observed that the details on the red package are noedetace
surface patterns as not involved in the proposed contour detection approach. As observed in Figure
4.58, the red package is not deformed, but only slightly rotated, under the various grasping forces.
Compared to the red package, the pink casa ismaller object. In this case also there is no visible
deformation of the pink case at the three points of contact in Figur®.4%irthermore, the pink case

has no obvious rotation caused by the force exercised on the object.
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