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- Bbiaenaem OoCHOBHbIE
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VTR0 A RAK SRV TexHo/nornyeckue Tpurrepbl

AHaNUTUKa Ha YCTPONCTBE

ABTOHOMHOeE BoXaeHue YpoBHSA 5 £
HuskoopbutanbHble CNYTHUKOBbIE CUCTEMDI

NN Ha yCTpoﬁCTBe I'pacboaag dHaMIUTUKa
O6baAcHUMbIN NN
MepcoHndpukauus Hd I'Opl/l30 HTe
padbl 3HaHUN MamMaTb cnepyrouero NoKoNeHus

Po60OTbl-AOCTaBWMKN ONA NErkKux rpysos
DMOLMOHANbHbIN MCKYCCTBGHHbe/“I UHTEeNNEeKT

ABTOHOMHbIE BO3YyLWHbIE APOHbI /) A\ ABTOHOMHOEe BOXXaeHue YpPoBHSA 4

Transfer learning

[ ONONHEHHbIN UHTENNEKT

HaHo 3D-ne4vyaTtb A\ n e I

IJeueHTpann3oBaHHass aBTOHOMHAA opraHusauyus

Digital Ops
ApanTuBHOE MallIMHHOe oby4yeHune
NleHepaTuBHO-cocTA3aTenbHblie UHH ABTOHOMHOE BO)'I'(,EI,EHME ypOBH’:I 5
[eueHTpann3oBaHHbIN UHTEPHET £
O6nayHas foONONHEHHas peanbHOCTb PO6OTbI-,£I,OCTaBIJ.I,MKM ANA Nerknx rpysons

MMMepcuBHOe paboyas cpena
BuoTex: NCKYCCTBEHHble TKaHN A

ABTOHOMHbIE BO34YLUHbIE APOHbI

N ) FEHepaTI/IBHO-COCTF|3aTEI'Ibe|e MHH
TexHosoru4yeckuu [Tuk n36asreHue [lbeodonieHue  [lnamo

mpurrep oXXUOQHUU Oom unar3ul HeooCmamkKoB nNPoOOYKMuUBHOCMU

O meHbwe 2 ner @ 2-5 ner @ 5-10netr A 6onee 10 neT @ ycrapeeT 4o NAATO NcTouyHuk: Gartner



CTpaTternyeckme HanpasaeHUA

a-a)

UCKycCTBEHHbIN UHTENNEKT MobunbHoCTb ABTOHOMHOCTb
Pob0oTbl cNOCOBHbI CAMOCTOATENbHO PoboTbl ymetoT aencTsoBaTth be3 Pob0oTbl cCNOCOBHbI CAMOCTOATENbHO
obyyaTbca U paboTaTb Haa OLWIMBOKaMMK OrpaHNYEeHUn B MUpe ntoaeu NPUHUMATb pelleHnA B Ntobbix
CUTYaLUAX

0

KonnabopatnsHocTtb Aun3aunH

Po60Tbl NONHOCTBIO 6e30nacHbl AnA Pob0Tbl yA06HbI, NOHATHbI U
nroaeu npeacKkasyembl



KomaHaa, KoTopas genaet poboTos

35 25% 0%  99%

UHXEHEPOB UMerT Y4EeHYIO CTelneHb niun NPULIN U3 paGOTaPOT Nno
N pyKoBoaUTENEN rOTOBATCA ee 3alUTUTb CTapTanos cneunanbHOCTH
NPOEKTOB
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HYTO ymeloT Hallw
MHXeHepbl?

KAatovyeBble KOMNEeTeHLU U

DNNeKTPOHMKA

Pa3paboTKa u nporpamMmmpoBaHue Moay/ien,
MCMOJIHUTE/IbHbBIX YCTPOMCTB, MHTErpaLmna BHELLHUX
moayieun B poboToB.

Cuctembl ynpaB/ieHUA U BOCNPUATUA

Bocnpuatue: [nybokoe obyyeHne B 06paboTKe CEHCOPHbIX
NAHHbIX, aHANU3 N obbeanHEHME PAa3HOPOAHbIX AaHHbIX.
PaboTa c imgapamu, Kamepamu, y1bTPa3BYKOBbIMMU,
Nla3epHbIMU

M pagapHbIMN AaTYHUKaAMM.

YnpasneHue: Knaccmyeckoe ynpaBneHume,
MalwmnHHoe/rnybokoe obyvyeHue, Robotics learning,
NPOrHO3HOeE yrnpas/eHUNe.

KROHCTpyuUpoBaHue

[MpoTOTUNMPOBAHUE Y310B U cUCTEM, Pa3pPaboTKa
NOKYMeHTauun, Npon3BoACcTBO NPOTOTUMNOB.
NccnepoBaHmAa B 061aCTU HOBbIX MCNOJHUTENbHbIX
MEXaHWU3MOB U 3aXBaTOB.
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JlabopaTtoputo onpenenatoT TP BeLUm

S | '
ol =y

-
JTtoan, KoTopble cNOCObHb [1paBUNbHbIE MHCTPYMEHTD! YMeHune co3aaBaTb HOBbIE
CcO034aBaTb YHUKA/IbHbIE nna paboTbl 3TUX TOYKU reHepaL i HOBbIX

BELL W noaen naoeu



OTKyaa NpUXo4aT XxopoLwiune naen?...
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CTA*KepoB NPULLIN K HAM U3
JIYYLLINX Y4ebHbIX 3aBeAEHNM
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[TpoeKT: normctnyecknum pobot «IJIEB»

«NNEB» — poboT Aand
aBTOHOMHOW AOCTAaBKWU
npeameToB Manoro n cpeaHero
pa3mepa BHYTPU NOMELLEHNN

* [lpmeHeHbl ABe Kamepbl

* |ntel Realsense D435 nna nsberaHus
CTONIKHOBEHMIN ¢ npenaTcTenuammn. Kapra
rnybunHbl C KAMEPbl UMEET XOPOLLIYIO
TOYHOCTb U CTOMKOCTb K NOMeXam Bpoae
CO/NIHEYHOro CBeTa, 0AHOBPEMEHHAaHA
paboTa HEeCKO/IbKMX Kamep. Intel
NpeaocTaBAAOT XOPOLWNK ApanBep ANA
ROS v o6bHOBNEHUA NPOLLUUBKMN.

*  BO3MOXHbl NPOMbILLIEHHbIE BAPUAHTbI
MCNONTHEHUNA KaMepbil.

/ MWKPOPOHHLIN MaccuB
LLInpoKoyronbHaAa Kamepa

CeHCOpHbIN 3KpaH

Realsense D435

CBEPBAHK

ABTOMaTUYECKUM rPY30BOUN OTCEK

Jlnpap

YnbTpa3ByKOBOW AanbHOMED

J1a3zepHbIN AanbHOMEP




Bbluncnenmna SLAM anroputmoB n o6pabotKka nsobpaxkeHmnm rnybumHbi ¢
Kamep Intel Realsense d435 npoucxoaar Ha Komnblotepe Intel NUC.

ApXxuteKktypa npoueccopa Intel xopowio noaaepxusaerca anropurmamu.
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[TpoekT: KNOwTeacher

NccnepoBaTenbCKMN NPOEKT NO
p— rnybokomy oby4eHUo MCKYCCTBEHHDbIX
HempoceTen AN MaHUNYAUPOBAHUA

o6beKTamm pa3zHOoobpa3HOU GopMmbl
PoboT yuntca 3axBaTbiBaTb U NepemeLlaTtb
06BbeKTbl Ntobon Gpopmbl, BKAOYAA MATKUE
n pepopmmpyemsle

[TpMMEeHATCA UCKYCCTBEHHbIE HENPOCETH
M KOMMNbIOTEPHOE 3peHUne

[Mpouecc obyyeHnA aBTOMATUHECKUN

SRS,
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Object Grasping and Manipulating According to
User-defined Method Using Key-points

A. N. Semochkin S. Zabihifar A. R. Efimov
Sherbank Robotics Laboratory Sberbank Robotics Laboratory Sberbank Robotics Laboratory
PJSC Sherbank PJSC Sberbank PJSC Sherbank
Moscow, Russian Federation Moscow, Russian Federation Moscow, Russian Federation

Semochkin.A.N@sberbank.ru Zabikhifar.S@sberbank.ru AREfimov@sberbank.ru

Abstract— This paper presents an approach for grasping
objects by the robotic manipulator at predefined points by user-
defined grasping methods for cases of arbitrary position and
orientation of objects. The key idea is to implement a detection
algorithm for user-defined key-points on the reference object
image. As these points can be detected and localized on the
object surface, it is possible to generalize the initial sequence of
robotic manipulations, pre-recorded for the single scene, to the
set of situations with arbitrary object orientation and location
within the workspace. The robotic arm had a depth camera,
mounted on the end effector for 3D key-points detection and
anthropomorphic robotic hand.

Keywords— object grasp, neural network, robotic manipulator

[. INTRODUCTION

A task of object grasping and subsequent manipulation in
robotics requires prior knowledge of object location,
orientation, and topology. Moreover, the solution itself can be
generalized to different shapes, sizes, locations and
orientations combinations. Optic sensors, capable to generate
color images and depth maps, seem to be the best option for
data acquisition and evaluation. A large body of work on
objects grasping addresses only computer vision and optic
sensors, either stationary or mounted on the robotic arm. At a
category level, the task of detecting and manipulating certain
objects can be solved by instance segmentation, as it was
demonstrated in the Amazon Robotics Challenge (ARC) [1,2].
Object-level segmentation, however, does not provide any
information about object structure, and hence may not be
suitable for solving more complex problems.

In this article, we use predefined key points on the object
image to determine the location and orientation of the object
in the real world. To detect certain points and grab an object
in its vicinity, we use a robotic arm with end-effector
consisting of a depth camera and a gripper system. That way,
we can always determine the camera orientation for each
object image and localize the detected key points on the real
object using the depth camera. This data is enough to calculate
object location and orientation. While not previously applied
to the anthropomorphic robotic manipulation domain, recent
studies have demonstrated advances in learning dense visual
object descriptors [3,4], including self-supervision from raw
RGBD data [4], using 3D key-point determination and
specific grasping method which inspired our present work.

Convolutional neural networks proved to be a promising
tool for the object key-point detection task. Using a neural
network [5], we can map color image space to the descriptors
space to minimize the distance between two different pixel
descriptors from two images, corresponding to a single point
on the object surface. As a result, the pre-trained network
generates shape representations based on object images. A

978-1-7281-3021-7/19/$31.00 ©2019 IEEE

physical robotic manipulator equipped with a camera can
create the training datasets for such neural network
automatically.

For grasping the object after determination its pose and
location, it is necessary to keep in mind its pose and use a
gripping method that suits best for subsequent manipulations.
For example, the task of putting shoes on a shoe rack and
aligning it to one side is considered in [6]. Exact key-point
data enable the use of copying approach when human operator
“teach” the robot to grasp the object in “free drive mode” by
recording movements' sequence. That way, it is sufficient to
reorient the object relative to discovered key-points to perform
the grasping task for different object orientations.

In this work, we present the prototype of the system,
capable of training robotic manipulator to object grasping
without coding. The entire pipeline including neural network
learning, key-points detection, and object grasping learning
procedure is available through the graphical user interface.

II. RELATED WORK

Previous works address four main domains: grasping
algorithms, descriptors learning, manipulation methods and
pose estimation. The combination of depth camera data and
neural nets is a standard approach for the object grasping task.
In grasping algorithms domain in [7], the RGBD dataset has
been used to train two neural networks to detect the grasping
areas for different objects. In [6], a grasp planner has been
developed, which uses the detected key-points in combination
with local dense geometric information from a point cloud.
The grasp planner utilizes the detected key-points to reduce
the search space of grasps. Key-points determined from a
trained neural network of 2D images input data and depth
value using the integral network [8]. After discovering the
local geometry part to focus on, a grasp can be found by a
variety of geometric or learning-based and object-agnostic
grasping algorithms [9,10]. A novel formulation of robotic
pick and place task has been proposed in [11] as a deep
reinforcement learning (RL). It solves the problem of
unknown exact manipulation objects geometry when prior
knowledge of the general class of objects for which the system
was trained is needed. Dexterous in-hand manipulation
policies have been introduced in [12] that are capable of
performing vision-based object reorientation on a physical
Shadow Dexterous Hand using reinforcement learning.

In our work, grasping procedure using anthropomorphic
robotic arm and hand has been learned step by step for one
intra-category object relative to its key-points and generalized
to other objects. A humanoid 5-finger hand gripper allows
learning object grasping in a human-like manner.



CocTaB 3KCNepMMeHTaNIbHOU YCTaHOBKH

KonnabopatusHbin pobot maHunynatop UR10
Kamepa rnybuHsbl Intel RealSense 435
AHTponomopdHbin 3axsat Shunk SVH Hand

Cton unu pabouee npoctpaHCTBO PobOTA

Komnbrotep Intel Core i7, 64Gb,
Nvidia GeForce GTX 1080Ti

Ubuntu 16.04, docker, ROS, python




ObyyeHne HEUMPOHHOU ceTH

| ~ 3anucb RGBD Bugeo

PekoHcTpyKkuua 3D
moaenu

TSDF - Fusion

HeipoceTb

34-layer, stride-8
ResNet

I ) _ anos T(dl(ul;v1);d2(u2ﬂ72))2 | Znneg max (0, l_r(dl(ulfvl);dz(uz,vz)))z
2 - .

loss (11,

!
Npos Nneg

Dense Object Net



Busyannsauma oTKANKA HENpoOCeTH
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3anaHue Kn4deBbiXx ToYeK M cnocoba 3axBaTa

: Bbibop Touek uHTepeca Ha obbekTe

|4

Cnocobbl 3axBara

nocob #1

! #2

nocob #3

JNobasuTe cnocob

@] 1554289515777 3

1554289572047
1554289600277
1554289659796
1554289668763
1554289689874
1554289722561
1554292222740
1554292383758
1554289777055 v

[ Bupgeo 3arpy3snTsb CoxpaHnuTb PacuyuTaTte 3D Beixon

CpenaTtb ¢oTO [376.00, 285.00]

[0.12, -0.65, 0.14]

/home/netter/code/catkin_ws/src/beginner_tutorials/data/grasp

YpoanuTte cnocob

[~ 3nemeHT abc.
NobasuTsb

Ynanute

MopenwupoBaTb

3anycTtuTb

3anyCcTUTb BCE

[208.00, 181.00]
[0.06, -0.76, 0.09]

Kniouyesble TOUKU 334a10TCA onepaTopom Ha n3obparkeHnmn obvekKra.
Cnocob 3axBaTa 3agaeTca oneparopom B pexxume free-drive pobora.




[TONCK U JIOKAJ/IN3dUNA KNTHOYEBbLIX TOYHEK

‘ B , RGB dotorpadpumn

Heitpocetb

34-layer, stride-8
ResNet

Jlokanusauuma |
HaWUNYYLLEro pelleHUs e
ceTu Ha obbekTe B 3D
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YnpasneHue 3aXxBaTom e
obbeKTa Pl Vi 2k) o o




ABTOMATUYECKMM CNOoCcob 3axBaTa 0ObeKTa

- pitch
/yaw ‘

K | Po1

Jr = 1orqrl, Jo = [Po2, 90);

Qo = erq (0, pitch, yaw);

Pro = (Tow)_l *Prs Qro = &;

do
]Onew — [ponew’ qonew];
—_— TW

Proow — Lopew ™ Pros

Qrnew — Qro * Qonen




JKCNEepPUMEHTbI: MblLUb

OrpaHnyeHuUA:

MCMOJ1Ib30BaHUE
CUMMETPUYHbIX UTYP
NPUBOAAT K OWWMOKam npwu
MOUCKE K/NIOYEBDbIX TOYEK;
nonyLweHne HynNeBoro
3HAYeHUA yria KpeHa
NPUBOAUT K HE Pa3/INYEHUIO
HEKOTOPbIX CUTYALLUNA;

BCE KNtOYEBbIE TOYKU AO/THKHDbI
ObITb BblLLE ONOPHOU
NOBEPXHOCTKU, YTODObI N3b6exKaTb
CTO/IKHOBEHMA 3aXBAaTHOIO
YCTPOUCTBA.

ObyueHne NpoBOAUNOCL TO/ILKO HA OAHOM 3K3emnasape obveKTa.
U3 cepun 20 nonbIiTOK ownbKa B cpeaHem 2 pasa, ycnewHbIX 3aXBaT € NepBoun NonbiTkn 6onee 90%



JKCNepumMeHTbl: Apenb

OrpaHnyeHuUA:

* ODOBEKT OUYeHb TAXKeNbIN ANA
3aXBATHOMO YCTPOUCTBA N MOXKET
CMELLATbCA BO BPEMSA M NOCAe
3aXBaTa;

* 13-33 XKECTKOCTM U cnabon
YCTOMYMBOCTU Ha CcTO/1Ee Ntobasd
HebonbLada oWnbKa B 3axBaTe
BbI3blBaeT NageHne obbekTa;

* DoNbllOE KONNYECTBO
HeAOCTUXMMbIX NO3ULLIMN ANA
pacyeTa MUHBEPCHON KMHEMATUKUN B
CUY OrpaHnYyeHnin paboyero
npocTpaHcTBa poboTta n rabaputos
obbekKTa.




JKCNepuUMeHTbl: KOPOBKa

OCHOBHbIe OorpaHU4YeHuA:
* B CUNY CUMMETPUYHOCTM 0OBEKTA MNO3NLUUN HaUAEHHbIX K/IFOYEBbLIX TOYEK MOTYT COBMNAaAaTh;
* KeCcTKMne ob6beKTbl OFPAHUYMBAIOT KOIMHECTBO NPUEMAEMbIX KOHOUTypauumn Ana aHTPONOMOPHHOU PYKU



JKCNepPUMEHTbI: KPOCCOBKMU

OrpaHnyeHua:

* [lpu BbIOOpE KNOYEBDLIX TOYEK
HeobxoaAMMO YYUTbIBATb NaHALWAPT
NOBEPXHOCTU OOBEKTA;

ObyyeHmne NPoBOANIOCH TO/IbKO Ha
OAHOM 3K3emnaape obbekKTa.
YcnewHbin 3aXBaT C NepBOU MOMbITKYU

bonee 98%.







[1poeKT: CoinBot — npakTnyeckoe npumeHeHme

JKCNepUMEHT:

* KMcnonb3oBaHME KOMMNbIOTEPHOrO 3peHUA N MALLMHHOIO
obyyeHUs c NnoaKpenaeHnem

* [lonCK HOBbIX METOA0B N aNTOPUTMOB ANSA
MaHUNYyANPOBaHUA 0bbEeKTamm nepemeHHON GopMbl U Beca

e ABTOMATM3aUMUA BbIFPY3KU CEUD-NAKETOB C MOHETAMU U3
NOABUMKHbIX TE/IEKEK Ha CTOJ1 onepaTopa

e (ObecneyeHne He meHee 90% ycnelHbIX 3aXBaTOB CEN-
NnakeToBs

Intel® RealSense™ 435

[MapTHepcTBO ¢ Microsoft:

e CoBMecCTHble nccnegoBaHue No pa3paboTke, 0byyeHUo ¢
noakpenaeHmnem u passeptbiBaHUo moaesnn BONSAI BRAIN
ANA ynpaBaeHua KonnabopatmuBHbim poboTom

 CoBMeCTHOe nccnenoBaHue 1 paspaboTka TexHonornm multi-
joint B cumynatope Microsoft Airsim gna moaennpoBaHmA
KonnabopaTMBHbIX POOOTOB MaHUNYIATOPOB B CUMYNATOPAX
B 3a/1a4ax oby4yeHuna c nogKkpenieHnem







Eurobot

Beaoywme eBponenckme copeBHOBaHUA B 061acCTH s EUQOBOT Dl lQSIA @/
POBOTOTEXHMKN ANA nHXKeHepos a0 30 ner. A FINAL 2019 -

e [1nAa yyactma TpebyeTtca co3gaHue KonnabopaTUBHbIX
MHTENNEKTYaNbHbIX NOTUCTUYECKNX POOOTOB

 3TO OTBeYyaeT HanpaBaeHusam paboTbl JlabopaTopum u
ABNAAETCA nAeanbHbIM NOJUTOHOM ANA MOUCKA KaapoB U
OTNaAKN NOEWN.

B cucrteme ynpaBneHma KomaHaom poboTOB UCMOJb3YHOTCA

Intel RealSense, Intel NUC 1 Open CV:

* Pacno3HaBaHWe NOJIOXKEHMA CBOUX U KOHKYPUPYHOLLUX
pob6OTOB Ha UTPOBOM NONE

* [lpepoTBpalleHne CTONKHOBEHUN M 06Xx0oa NPenATCTBUM

* Pacno3HaBaHMe UrpoBbIX OOBEKTOB U MAaHMUNYAALMA UMW







Kak mbl ceba Buamm?

«CMOTpPU, KaKyto MPUKOJIbHYIO «Mbl HEe NOHMMaeM, KakK OHU 3TO
LUTYKY OHM caenanun!» caenanun!»



Nnnm Tak?

JlorucTtuyeckas
poboToTexHUKa

FnaBHbIN aBUratenb (OHNAANH) TOProsan

KaK Ha camom aene

Kak BuaAaT moto paboty  Kak Bngmnt moto paboTty mos
MOW poanTenn KeHa

KaK BMAAT MO0 paboTy Moun Apy3bs



Halwa uenb—none3Hble uccaegoBaHms !

BO3MOXHO I HeEMea/IeHHO UCNO/1Ib30BaTb
pe3ynbTaTbl?

KBaapaHT bopa KBagpaHT [lacTepa

Aa

HMA paclwmnpAtoT 6a30Bbie HayYHble 3HaHUA,
RTBOPUTb HacyLHble NOTpebHOCTH
134aBaTb TEXHO/IOTUWN. ITOT CEKTOP
b Jlyn NacTepa, ocHoBaTenA
Ornn, KOTOPbIN H6pen cnocobbl

PYN NPOAYKTOB.

PaboTa 34ecb—3TO OCHOBaHHOE Ha NtobonbITCTBE
dyHOAaMeHTanbHOE UcciesoBaHne, KOTopoe
nweT 3HaHuA 6e3 yyeTa NpakTUYECcKoro

NCNonb3oBaHMA. KBaapaHT Ha3BaH
B YECTb aTOMHOro $u13mnKa Hayana XX Beka Hunbca

bopa.

CoaepKUT HepelleHHble
dyHAAMEHTANbHbIE
BOMNPOChHI?

Aa

KBaapaHT 24UCOHa

KBagpaHT HUKOMy-He- JTa KaTeropwma ANA NPUK/ZDHEIX a3a60T0K (bonee
4yem nccaegoBaHuUm), H Pya pelleHmne

HYXHO NPaKTUYECKUx npobne 3HbI B
06bACHEHUUN U NOHU
obnacT 33BaH MO UM

DMNCOH

Stokes, 1997



Kakoro poboTta mbl MOXXem caenaTb BMecTe C ...
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