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Clean Up Dishes
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- Avoid dirty parts - i l ,
- Avoid collision * Operation Teaching i
- Avoid splashing water Y
+ Avoid Danger -~
State ) .
Input —|Manipulation Controller — Output <= Reference

Initial Command

Interactive Constraints ) l
Execute Command

Fig. 2.1: Whole system overview
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Input Grasp Trial

~

e

Execute a Grasp

Image Processed /_\

Depth Image

Region Constraints: §

Grars.p‘FP-ose - Avoid dirty parts

£
%

- Avoid collision

_/

Optimize Grasp Pose

Grasp Pose Based on
@ge Point Cloud j

Fig. 3.1: PR2 grasp trial based on depth image and object edge point.
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Coordinate Transformed  Image Processed
Depth Image Depth Image

An Object

Fig. 3.2: Depth image processing: First, transform coordinate viewed from above. Next,
apply morphological filtering to get 3 channels.

‘

Object Point Cloud Edge Point Cloud

Fig. 3.3: Extract edge from target object point cloud and randomly select one point as a
grasp point.
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ERBUTHESE LT3 . —EOEMEICDL\TROULERZEHRE , BITRLIESIZ
RIOBHREZBEBRLT , BEYEHZZMC . TNTEHEERZEEREIT L
BEIZ, KRELT=0&5A23% . BHE5LIFBEICT U VIUEN 0 LD KEVBE
X, IBERINEHRBUTr=1Z5Z , JUy/WENO0TH3HEIEr=0&5A1%.
COLDIT, ARy FABESORITTT =92y b (v wanar t) EEBENTINET 3 .

323 INET—-IH5DORY FD—-UDFE

EEOORY FEFE>TT -9ty FENET 20IIE—IMIN DD , FET—
SEWRUE BIREBBSRIISVYIALICY T RL , ADYT7Y )4 X&MNT S .
ChiZ , BERNSLOTNTEMRZIEIFTESZIHFENBL\cHTH S . ALK
EZEBFITIE , FOREBEERICROTICATEKIEBELTINZESS . 2DELS
[ZUT, ("™ tpgna, ) DS 100 fFICHEERENTET — T Y b (Saug Uaugs taug) EERIZ
93 .

TheDT—=9ty FERNT , \yFHa X%& Clran =8, TIRY I % Crdn =

batch epoch

100 ELT, Fig34 DESICETIV f ZlHKT S .

Ppredict = f(saug’ uaug) (3.2)
L = BCE(t - ppedicz) (3.3)
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| Input dataset |

Lfrom robot trial

Success:t=1 Failure:t=0

Processed > Saug

Depth Image \ |
[
t
H Loss

Grasp Pose —— u,,y — Ppredict

Grasp Success Probability

VGP-net

Fig. 3.4: Training phase: Collect the datasets, augment them, and calculate the loss with

Ppredict-

CCT,tIX0FREIZ 1 OEFRINFIESNILT ,BCERZEZOXAIY FOE—
BERZERY . BABFRORBILFEIL Adam ZAL) S .

324 XY FI-VDOBCREICKLBIEHREZBORENL

Fig35 D&DIC , flEENfcRy FD =7 f 2RV TIERR EZBOREBENNZIT
S. Algorithm 2 DX D RFIETITD .

£9 , Al EREKRIC , REEBREIEBRHRSENGET S . BHERITZ, 2TOIvY
RENSBIRT BLEITTELC , BIREIANSEBIRTEETH D . FENLULIERE
HREEREEFRPLVOZEREERY T —VICRAT B ET , IBEHINEER
z2HNT 3 . BERERIT, FRAEFSNRINEREERSNINTHD =1 EOREE
EZ . D2F), BNICED K KDCIBFREZRBAMEIEESN S . TUv/)\DOFEIT,
MICETRFEEMNSEESEIC S OBICRET S .

HRIEHRIT  MEO Iy I UINORERBIRSNZZENDD |, ZOLTIIER =
KT BE[REMASL) . EC T, ERERRICREEN T Y Y 22 EROER SR
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nput dataset
rom robot trial

—_ —

Processed —— s’
Depth Image

Grasp Success Label
t=1

L
Grasp Pose _ H 058

/ Candidate init |FC™ Ppredict
Region Constraints: R .
St Grasp Success Probability

+ Not Dirty Points
- Collision Free Trajectory
to the Points

Grasp Execution

Fig. 3.5: Optimization phase: grasp pose to be u;, .- using backpropagation of the
network.

WETD.ZDEE , TUYI\OZEIT , HRIEIHZERERAU LTS . FoNCHER
PSS DOREEREZSE | BEICESNTCNIEEHREERERICINFBEHDR Y
FO=TJICANT S . TNE , Cyp., @R 1DIRT . —EDIEHEMEDTEEFE/EL )
T, BIIRVIGESIEESOBRNSPLIET . COPDEUIT, Gy BIXTHS
N, ZNTERTRVIEEIT , ADEDMBEEIEIET B . RV tearest Z Uerec
ELUT, ZOIEBRERBTYRICTZ IO—-FF3 . LABEDOEERTIZ , Cey = 10,
Cirer = 10,7 =0.1 £EF 3 .
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Algorithm 1 Grasp point and posture optimization
s’ : image processed depth image

Uini; - input grasp point and posture
Un rer - inferred grasp point and posture
Require:
s : depth image
E : edge point cloud
Ensure:
Upxec - grasp point and posture to be executed
1: whilei =1,---, G5 do
2 Obtain s and £
3 Convert s to s’
4 Choose u;y,;; from the input point clouds R which are constrained region in E,
5: fori=1,---,Cjy.r do
6 Ppredict < f(8', Uinir)
7 L — BCE(1 _ppredict)
8
9

8§ 335;‘:
Uinfer < Uinit — V8
10: 5.0 < Oinper < 5
11: Xnearest < Xinfer
12: S.t. Xpearest € E
13: Unearest < (Xnearest: ginfer)
14: end for
15: if IK is solved then
16: break
17: end if

18: end while
19: Uexec < Unearest

20: return i, ..
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325 EEREZRBICHEITBHINOEE
326 Z—a-3SIbxy FTJ—-TUOFM

Za=-SIRY FOANEBEEZEO—DOTH3sld, b1 X128 x 128 x3 DEMRTH
EHED A AHAKRENEZB/NSA—YDHEIBRT 28 , 2B THFEANH
%2.%ZCT,BREEHEIZDRYED—0ELT, ZEHEHD 18 BD ResNet [64]
ZFL13 . ResNet IIREEBLEITHRE , BRI S12XTORY FIVICEFHEENS . 512
RITORY RV ELESBICEHGEUT , S+ uRTTICEMHEL , S5IC1RTICESHES
%2.C2CT,ul3BHERERBOANNRTERY . REESBEO—DEHDEHAEIL
Relu T , &#&EIT Sigmoid ETH % . ELBEAHDRBENICIL , Adam [65] ZALS .
323 IETOFI%REFIE , ResNet DREBLUINDEBD/INSA=5IZTU-XLT,T7
AVFaAa—-ZUT93%.
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41 [IUMIC

AETIE, ABNORY FORiZER > TEEEBRL , ORY FAREENRIER
HMEMERMEORY FESORRE , RORFEDHEEETOLET, ORY A
KYDIRMEERE LTV HEERRS BEIT2EHERBETIVICEDE , K
PHEARMOMEMICT UT , BIRWBIRIENTREELRS . £, ACREET
WERWCHEEBEBZREOEZEZFERET ST, BREICEDKRIFEZEM
TED . COECRBETINE , ERBORBETLEVREICERL , Z0HEAKE
BHSMCT S .

BICERBORFICS T, FhEARY I TE> TKESEEICERT S . O
Ry FIIWFICHAKFREREBL , AFTEREIEFL , ESRFTARY YR
TE3 . ARV ITEBRIZ, TEBLEITENAITESZETIENNESS . L
U, HEANTEBELERDNAREICB O TEREEZLITREMENH DD , IEX
LWHTESZZENEEND . KTESCHEIL, KAEBRLTRUOBS AL OBAEEIIC
THENEXND . 2 DORIFIIBILHIEBFRENTRRICH , BIFPEZH
RICE->TERFTS .

4.1.1 BEEMHRR

BRBEOERFICEAYT MRIL, RN SBRIESTE , RIEBEHOMRSTH 2 . MH
513 ,F8Kba—- /4 FORY FEAVT , EYORBBEITL), T —FT =
D — RICEBFMEEEM UKL [14) . £, BBV Y ERDMITTLE INRYOE
HERA CTEETEICEDN SN [66] .

BREESBEICIIVS DONIET 2ENFET S . £7, ﬂ%mwmﬁbiﬁﬁ
RICE > TEMERNEZEBINT 2MENH D . WRYOT 1 F =V ANKMDIBE
BICH[TIRIET 2MRIT  REZEBZRALEDONAHENS [67] . ?EELIT‘C&( '
ﬂﬁEmUtw%mmnbhf@U&WE%ﬁ?émﬁﬁnéntuémq

o BEPICBREBRUZIBENG S . fIZIL, BERERICKINERLETH
RTORY FAENSIEEY , BUATEDIESTMEEE LEDICRBIIGEND
2 . BELEYMBREZEDREDSIC, I\ RERSNCT I ETHRENICIERET S
MADNREINTLIZA[68,19,69] , MEDEFZEOARY MI, VI RNV EEER
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Scrub dish

Train with teaching

- Avoid splashing water
- Avoid Danger
- Adjust scrubbing force

Fig. 4.1: Scrubbing and rinsing dishes after human taught implicit constraints.

UTL\BIBEIZHEDS <AL . AR THLZEEZIEORY FTHBPR2E
TV NEBATLNS . BIRABEMEERIMT 375513, EFEWR [70] &AL\ 3
Bk, EFAICL3HENH S . fIAIL, BENEGCIIRELBCERIT S
HIC , EFENLEBRFTSINTINS . [71115 3 . BRAIBEICH LT, BIEEL)
DEAZRHIC, BEPHERRINSKEOBREEZFALT , EFIIR—-REL
FEHOIY FO-SEDEBAZARMTONTINS . [72,43] COMRATIE &
BREZMULEZICORY IVEZERICRS . ULHLENS , ERERLTED—
EEEEEM US| BROREBICBEVHE > TEDT T — ANEX QL \FTEEH
BH3 . 0AIL, BROZBHEEDIHFE , BEHMOBREOFIE THEZIUCREN
ARESENL , BIETRUDQICBREFBUTUEL , BHREBROANE RS
35 . F£f, YEIZRRICRZBIEICH T, KDBENMEKXT Z0/EMTSH S .
UIleh > T, BREFIULICIEETE |, BREBITANSEIEREDEMEEERS
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B3 ENEAFEINDG . BRIIZEICEDINESITEAEICHIEBT 2I5S IEMERTE
MNTE(73,74] , FIZIE, EHIO0RY FOUVSAZIVTICHE T, ORY FEIEED
EBVESRILEDOBHNERBZLANS , EMNETEET 2HR 73\355[75] =8
IRBTIX, BRRBIBEICEDIRNETENFZICHBLRLVIBEEEH) , T—FRUTY
THEERNIPRBRINZIARILBINTLNS . Jkﬁﬁb\aﬂcLJU"IL:JGE’JLEMEE
BIEY 2MRIZ, [76,77,78] .

412 AHRICHITIEREDRFEY AT LDYFE

AAATIE , VIROEREICH LT, TOMREMEEECRBMBETIVNSHE
U, BFEREICED K LORHEZETD . BERBETIVIE , THRRICEY 2 -
IWERTIC , BRIORBEBT —YZALT , BREOKREBHSKKEHH IS . 2T
MET—F13, AREBRENEBHRZALS . BERBETIVOEMICETED , A
BMBITARBEERUICBSICORY FOREZE—BHTRT 2 . A\BORFIIER
MZEMEEASENTSD , ORY FIIENZEEHICEFE LT . FEEIT,
HERBETIVDSROBRMEEEFAL , BIRMELDREZRT 2 L TRERER
(S

42 EMFRRZEASRNIERBEBHISOEHCRBETILOD
Wi & T OWRIBIC L 2 EILHIRIEFEDIEILE
42.1 REHSOECREMETIVOBEM
FERY FT—JIIRORTRENS .
St+15 Ur+1s Prr1 = 8(St, Uz, Pr) 4.1)

sIE, ORY FOREBEREMOKEEZRL , ORY FOEBEOREE LY EEE
EHRYONMNEBEZRESHZ . u ZORY FOEROREEHFRETSH D . prredid IR
2EERL ,0<p< 1 &R . 1ITEDIDIFELZLELD . g IFRERY LD -
DTHD . SVTLRIFEERDS (s,u,p) OT—FERMBL, ChZEBLTg &
FEBL, g ZRAVTHEAN u ZREILT S . ET—YOFMIT 322 IETIANS .
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422 HEBFEOKBELEOMEOT-5Ftv FOIRE
YIHAERSE 4

FUHIC , WRMEROILY FI TV YOHEEEMT S , £9 , ARY FD
REHDS , WEYMOINI VT4 VTRV RERBTD . \NOITAVITRYI R
DB EZHEY A XD 10 RTIXIRE s ICEHSZ . TV FI T 7 5 OVIE#E
X, NOTa VTR I ADBA XL TS VY LITERMEND .

KBEEEICSTIE , BFICERZIERL , EF M OEREL TKOEH LLE
HEITD. T, EFORER , OENOBETENELT S . EFOHS VT A
REEEER LT, 2ESE3 .

BOBMEICSVTIE , EFICEREEFULLIRET , EFICARY I ZEHF > TE
% .C2CT, BFORFEIIRFRLEEIES . EFO#S VY LARNEZEM LT, £EH
T—4ETDB . SYSTARREIR , WEMRALTEEOXNL LEORES VY AIC
BIRL , TOERELEICETHEEERT S .

ADBIRIC K BIRFIELE

RICAORY BAY, £ S hVIEREE ICx U CEESF & @450 ICkE < . DR
EAEZEZMEICIRMEEETI S . ORY FOETHIC, AIZORY FOBZEF>T
REMBEBURICE D TIEIET S . FHI 20/ Y MIFEHIERSHC , AEDF
HMBIEMANTESRRD , COESBHERNIETH DI EESETIEARNS . BH , A
MHIEREE B TH 3 EHIBT UERRIZ , R UG . ABABRUTL\Z/EE0
Ry FIFEREEICXT U TIRIEEET ULIT 3 .

KBEEMEICSLI\TIE, AL, ORY FOEREHFOAEFICEHALT, E8BFRAL
TKERIEILZSICARZE , XML ETREITTVARLVBRICEDAH , GFORE
ZEIELVTEKICHCLZ2MOEERET 2155 , EFEEHI T TEESMKITK
MIEDEBLDICHTRT B,

BOEBMEICHETIE, ORY FARRY IV EBRICHUMITILSICE LTINS
CENTETC\ZD ,BREEEULZDCRIZIBEGBRBEMEICE>TLVELD , A
N¥ETg 3 . ORY FAELRDOEMEEEITTE TR EFHIMUREIESIE , ADNE
BARYIEHFDOORY FOLERZEEN LBURT 3 .
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No teaching No teaching

Input Prediction  Actual
pred t
Sal.‘ety Level py _, Ly D1 = D
ool s | Wash | et
: obot State
Teaching u controller red Teaching
\ Command t - — YPT e g act
t+1 t+1
Time : t Time:t+1

Fig. 4.2: Training phase: Collect the datasets consisted of robot states,object states and
robot angle vector. Calculate the loss with predicted data and the actual data.

FT—9DUNE

ARY FOS VY LAETXBICELT , K s TEERES 7 BEHERBE VI ETE
EERNFMMUEZZDOT —FD 24 k7T , GFIEANE L CEES 7 EHEREERE
DOEITEET 14 RTTE2H; CEICEBET 3 G BEELBIBMEZNZNICST , AN
NAUTL\BXEEZEDTRIVKBICHET 3 . minREE LY EEEDRRT
OEZICHLUT , BEZEU> TEENTHET S . ADNALTNZESERBREH
BUTt=0, NALTLVRNEEZELZR2EHRLT =1 ESRNIFITEBAT Y
T1I5 . U, BEISRIMTITIIR o cHIE RSN BIEENH B , ADS
NUVJUETY .

EEIC, ADNMATZTz—XCHIFT3 ,sD—EXZTH30OMRY FOEET RV
JWEMEIT, ORY FORKEBELTHELEL . 22T, 207z —X[CHIT3MHE
BRIVOEEEBIZ0ET S .

42.3 HERBEOKEE LEDEBFEONR

421 JHEORY FD =V &RBNWT , BIFFBZTD . X9 . T Y EWRT 5 . §
EBEEAEICEALT , A0V 7Y A XEMATLET - &EWRL , T—9D )



48 — F4E : PFAREHSVNEICEDCERFORS LEDRIEZEE —

A XICETBRICHIST S . £fc, FAEA NIV VEEBEIL , HEBTHICHRENK
SV , 3T L—-LOBEFEHNELS .

CNEOT—9Y FERNT , NyFBA1 X% C0 =4, TRYVEE C0Y, =
100000 ELT , DEDICET IV g ZINHKT 3 .

dict dict dict
o b ph e — g(siro1, uiro1, prro1) 4.2)
L= MSE( actual PredlCl)+MSE( actual predlct) +BCE(tactual gr;dltf) (43)

CCT,tIR0FREIF1IDRLHESANILT , O BADBNTALLIEAALTLEL .
TIIRIEY—VIVART , BEEEBDBRIEOEEMEICSIITERD , 30 A5 100
TJL—AIFETHS . MSE [FFEHYTHRRZEZ R L , BCE 3 Binary Cross Entropy i
EERY . BEAEARORENCFEIIAdam ERALNS . XY N =V EFET RIS,
V—UIVAREZZADWENHBIEYD , T -9y FORKT l/—AﬁlCé'C
DTF—F&ENT1VTTD . REEEDRI, \TAVIHIERRITBET,
BICIIHEERITIBNLDICTS .

424 Ry FJ—UOFGEEICEL BKEE EEDEMEREDRIEN

NEEHORY FD—0% g ZALTHEBEORBELEITD . FUSIC , EITHIE
BEELT ,IBERA ICHEITDGu)Ep=1E5Z , (s,u,p)ZRXRYET=TICA
NEB . Ry FT=o M5, L LN et i, BISEEORES
&5 .

DEZRTHSD , BRBOIRE s ICEALTIL , BIFICLE > TRELEFD AL
t&ﬁ%t?ét ,y”&¢¢mma%kawaa SHEORELT S .

u QELBICDTIZ , BERFEICBVTIIEZEBIZIFEE LG . BOIEEICSL)
TIIEZEEBNEMICHT 2 ENEER\CRHGFRELT 2 . BIZEDFNE
Ffrl& , OpneCV @ RGB Canny Edge Detection [CK 1) , BOEENARERREMHMEL ,
HEMEOBOARBICENTZDEDAHEIS ATV TEL , —BRERYS
AY—CHEITZRBOELET S . o, UEHFOREII2DH 3N, IREDZEE
ICIEL\VEZEEIRL , ChE W £53 .

p DELEICALTIZ, ZDMEZE 0 < prredict < 0.3, 0.3 < pPredict < 0.6, 0.6 <
pPredict < 1.0 TEHIFE LT pre/ &ESDR . 0 < prredict < 03 MIFE , ARy A
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Input Prediction Reference
| Safety Level 5 —» »p?ﬁd — Pref
Object State d
' Robot State } St ’ Wash —’S?ﬁ s¢f
init controller
- Command Ui > —pqPTed ref
| U1 t+1

Fig. 4.3: Optimization phase: modifying the angle vectors of the arms with reference
using backpropagation of the network.

BNTEBAELGKETHIEL , BRIFEFRIUCEREEZY VI ICEE |, Y1H
ZEHSPIDET .03 < prredict < 0.6 DIBE , DRy FABSITERTEETH
REELT ,p/=1&F2% .06 <predit <1.0DBE , TEBRETHZELT
prel EBEDHRL) .

BZ t DS, RADELSICEZ 1 + 1 ICTHITDIREEETET S .

predict _ predict _predict

Sl‘+1 ) ut+1 ’pH_] = 8(52:1, Uz, 172:1) (44)
4.5)

B, ORY FDIREE 5,000 » TEHE , ORY FOREET FILVEEEICHS LTI,
SNGRRS IS ADNAUTEBRI 51000 = 0ES AT . FDH , READEDICT 1 ILZ VY
VOEUCEENIEET S .

filtered

robot,t € Srobot,t X Dt (46)

ANME uim ICB U TRERGIEETO>TET , ANMEE LV ICRENT 3 . 8
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EFIRXODELDOICELET S .

_ predict ref
Lsojs = MSE(s Sobj2u+1° Obj) 4.7
di
Ly, = MSE@h " u"®)) (4.8)
Ly, = BCE(p 4, prefy (4.9)

MSE |33~ 5% Z T , BCE |4 Binary Cross Entropy 3= T % . 2 Z M {GIEIC &
BRBILIE, G = 1082DR L , RBUESINFEANIG , FEAEDESEE L
TETI 3% . REFGRICHITS , ZBEHy DEIZ, £T0.01 £33

425 Za-JI)bRY FJ—=U DN

Za—-3J)b®Rv I3, Long Short-Term Memory (LSTM) [45] ZFL\fc . LSTM IX,

BRERMHEOZa1-3 )Ry T =2 RNNDO—FET , REINAKEREFRZEZE I D0DIC
BUTWLS . RY FIT—=TJDODANELNERBNEBORTIZI9RTET S . RBILF
& Adam DZFEEZ(F 0.0001, betal [X 0.9 T beta2 [£0.999 &F 3 .



— B4E  IFBTREADBRNBICE DK EREOBEES LBVRFEEE —

51

Algorithm 2 Dynamics Estimation and Action Execution

s : object and robot state
u : robot angle vector
p : safety level
Require:
s; : object and robot state at time ¢
u; : robot angle vector at time ¢
Ensure:
uy ¢ : angle vector to be executed
1: Obtain p; =1
2: fori=2,---,Cos do

3: Obtain s; and u;
4 Store (S;, Uy, p[)
5 fori=1,---,Cier do
. robot, filtered robot .
6: Sy <8, Pui
predict _predict _predict obj robot,filtered
7 il oM P 80878y
obj _ obj,predict ref
8 L,;” = MSE(sy,;,, ’Sobj)
_ predict re
9: Lyyi = MSE(uy, ' u")
. _ predict e
10: Lpsi= BCE(p2:t,i+1 P f)
. obj
11: obj obj,t,i
' S, 61,1,,,-
6L ,f"
12: gu,t,i «— 61,:;il
OLps,i
13: 8piti < Tuss
. obj obj
14: Uivl < Ui = Vs " 8g,i ~ Yu8uti = Vp8piti
15: s.t. uminthl‘eshold S Usjr] S umaxthreshnld
16: end for
. exec
17: return u;" <« u,c,.,

18: end for
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9 21t , BRALIEZEITS . AT, REBHRETICIEIFDEOIEEEIRT 3 .
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head _tilt_link

r_shoulder_lift_link

r_shoulder_pan_link

r_upper_arm_link
T_upper_arm_ri

tilt_laser_mount_link
r elbow flex_link

r forearm _link /
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torso_lift_link

| wrist_flex_link
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|_gripper_palm_link

|_gripper 1 finger link

|_gripper r finger _tip_link

Fig. 5.2: Whole view of PR2 (left), Kinect camera (upper right) and water proof glove
(lower right)
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IVERIZzVFIE, ENFTICEARET SV U YINTHSD . VU vNIE, BEskh
BRUy TV TENUTESESNTINS . AUy UV T, FEHNERRLET
BPIEHDBRELRTH S .

AT, PRRORY FOIY RI T V71K O-TE#RELT, B2858
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B

Fig. 5.3: The example of OpenCV library. The middle picture shows the binary image

of the dish, and the right picture shows the hough circle detection.

Fig. 5.4: 3D recognition using octomap in Movelt Grasps, which can be appled to the
collision avoidance.
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320mm [

Object

Fig. 6.1: Experimental setup. Grasp pose is relative to the {Object} coordinate system.
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Fig. 6.2: Tableware for training (left). Avoiding obstacles and approaching the rim
dish(middle, right). After reaching the object, the robot adjusts its gripper pose.

/!

\I Thickness of
the Grlpper

" Gripper -

ThicknessI
of the

Fig. 6.3: Grasp test based on visual information only. There were times when grasping
failed due to the thickness (left, middle) and slippage (right) of the gripper.
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Depth \. ’
Image ol

Dirty
Points

Grasp
Point &
Posture -

Flat Plate  Rim Plate ~ Small Plate ~ Soup Cup Bowl Square Plate Spoon Fork Salt Bottle Mayonnaise

Fig. 6.4: Tested Tableware. First, the robot gets depth image and an edge point cloud
of the object, which is as far away from dirty parts as possible. Then the robot modifies
the grasp point and posture with VGP-Net. Finally, the robot grasps the object and lifts it
up. The second figures from the top show the modification process of the grasp point and
posture (arrow) on the overall point cloud (green) The olive point is the object’s center
point.
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Table 6.1: Grasping trials of unknown objects before and after training.
’ \ \ Trial number \ Average success rate ‘

Flat No train 20 20 %
Plate | Trained 20 95 %
Rim | No train 20 15 %
Plate | Trained 20 95 %
Soup | No train 20 80 %
Cup | Trained 20 100 %
Soup | No train 20 80 %
Bowl | Trained 20 100 %
Spoon | No train 50 4 %
Trained 50 44 %
Chop- | No train 50 2 %
stick Trained 50 46 %
Total | No train 180 33.5%
Trained 180 80.0 %

Fig. 6.5: Dual arm grasping. The robot crosses its hands without any input constraint
(left). On the other hand, with constraint, it is more likely to grab the handle of the tray
(right).

Table 6.2: Dual arm grasp trials of unknown trays before and after training, with and

without input restriction.

Average success | Average success
rate without rate with

input restriction | input restriction
Tray 1 No train 0% 20%
Trained 20% 80%
Tray 2 No train 0% 20%
Trained 30% 90%
Total No train 0% 20%
Trained 25% 85%
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HEOZIBHREERET BN, HESNIERSHFET 255055 . f
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Fig. 6.6: Toy problem for danger avoidance
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Fig. 6.7: Path planning without backpropagation. The agent made a small circle around
the obstacle.

Fig. 6.8: Path planning with danger recognition The agent made a big circle around the

obstacle.
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Fig. 6.9: The left picture is the dishes for washing training. The dishes are including
various size and shape of plate, fork and spoon. The right picture is the robot training of
manipulation taught by human.
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Fig. 6.10: The picture on the left shows the point with dirt on it, which is the target value
for the trajectory. The picture on the right shows the dirt detection by image processing.

Fig. 6.12: The optimization result of scrubbing dish. The robot scrubbed with moderate

force while reaching the dirty point.
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Fig. 6.13: The experimental result of the safety level of the manipulation. The rinsing
and scrubbing phases increase the level of safety from its beginning.
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Fig. 6.14: The experimental result of the joint angle effort. In the rinsing phase, there is
no significant change in the effort, but in the scrubbing phase, there is a load on the right

upper arm.
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Fig. 6.15: PR2 joint angle
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Fig. 6.16: Grasp and put a semi-bowl-shaped dish. The robot avoided the dirt on the
right side of it.
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Fig. 6.17: Grasp and put a fork from above.
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Fig. 6.19: Grasp a tray with dual hand.
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Fig. 6.20: The PR2 drops the tray. Since the tray is instablity and the PR2 slips it.
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Fig. 6.21: Wash and put a fork
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Fig. 6.22: Wash and put a bowl-shaped dish
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Fig. 6.23: Wash and put a plate.
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