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ZH-H (A. Ghorbani et al., 2009), A&F8 S Fdst= 2450 ¥,

49, wEE 5o oy Fadd Fe E8e A w2/

AAst (D, Zhu et al., 2021). o]gl3F Au|A ZHL o]
gAEo] o% 9 ztol WgHow ded Al swe ux
8] 2~ (Y. Kim et al., 2018; B.Wang et al., 2020; J. Yuan et al., 2019) =

Wk el Ale e Aew ZEa gl
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2020; M. Siam et al., 2019).
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dolztE]®] X3, Wl £o7 wg dFE S AFE 2T
Atk HT AFA Y wHoz Al HyY 7IHke]l ukx] 14 AT}
AT %3 2ttt (Y. Zhang et al., 2018). AIA S o] g3t 718 dHlAQl

2] AW FZAMAE AFEsh= Aol Liel AFE (. Li et al,

& F72 A Fhder el AS HekARl "EAE F3et
gA] Qe H& AFS HAth James? AFEHJ. W. James et al.,
2018) & Support Vector Machine (SVM)S &% wndg A}L31
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418 F 1: HSRS o] &3 A Zpdxg dugF

=
1 [nitialization of joint position

2 while (searchTargetObject() >0) do

3 omni_base.go abs(start position Py)

4 ObjectName, PositionInfo < searchTargetObject()

5 posX <« PositionInfo.z * sin(m /2 — head-joint) —
PositionInfo.y * cos(m/2 — head-joint)

6 omni_base.go_rel(posX, PositionInfo.x, ()

7 whole_body.move_to_joint_positions(joints fo pick-up)

8 gripper.apply force(1.0)

9 whole_body.move_to_joint_positions(joints to transport)

10 omni_base.go_abs(start position Py)

11 SuccessGrab «— RecheckTargetObject(ObjectName)

12 Scheduler(S,,, SuccessGrab)

13 omni_base.go_abs(start position Pj)

14 whole_body.move_to_joint_positions(place the object)

15 Scheduler(Syw)

16 gripper.command(1.0)

10 2 M E g
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A4 AE 2H

AlAE =R ERE

Alglo AFESE ZHE 2 Toyota AFellA A28 Human Support
Robot (HSR) (T. Yamamoto et al., 2018) ©]t}. HSRS A ujsh7 oA
AeA F& =S F71 3 A=A, A WY o]Fol
7bsete, aElu s wgae #® xFo] shssith AFe| AR
AE 28 69 2ok 222 #ele]| gA" RGB-D 7h#= Xtion
Pro liveol® &&o 2@l 3-E3 4lA+= DynPick WDF 65M200—
3o]tt.

Force-Torque
Sensor
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el e AFE ROSS Python APIE o] §319o.1

[% 1] 234 A}23F HSR python package

omni_base.go_abs(x, y, direction, timeout)
- Ao wmeold Am o] AUiFE(x, y) 2 Ex W (direction) .=

5
ol &. timeout ANZF W olF ET A LFE LA

omni_base.go_rel(x, y, direction, timeout)
- HSRE| base & 7122 (x, y) Ael 2 531 W3k(direction) .= 7t
o

A o|%. timeout ANt Ul olF E& Al

gripper.apply force(force)

- force W 2]l I 7HE
gripper.command(radian_value)

- radian_value W= Hold 2t 18y o) E

whole_body.move_to_joint_positions({joint_name: radian_value})
- ©°]&o°] joint_name ¢l ¥Hde] 7} E radian_value Ot &&= 3|7
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[ 2] =4 3R FA& AR =4 5F: A4 A4 HESD Sus fl&A
ARS8, Wl A9 Aol ARS-gh

Object Photo Weight Size Material
Teddy bear ‘ 106g Large Fabric
Sponge m ldg Medium Sponge
Juice pack g 34e Large Carton
Cup O 112g Medium Silicone
Tumbler l 248g Large Metal
Toy car ‘ T9g Small Plastic
Bottle i 3llg Large Plastic
Soap box [3 119g Small Paper
Vitamin bottle ! 100g Small Plastic

|'/---\'
Tennis ball f:). 58z Small Felt
Tea box E 62g Medium Paper

: 5 N &t etm



[E 3] A A4 HEYIY BAY AF EA 55

Ohject Photo Weight Size Material
Aluminum can . 18g Medium Metal
Board eraser Bg Small Styrofoam
Mouse Gdg Small Plastic
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A 3 @ RGB-D 7tHgt 714t A AAt

A5 3D F3telA sty Qe Y EAe =X 3ol 33k
AelE s Aatet= o] Qstth. Age] ARE-st RGB-D 7kt
Xtion Pro liveE o]&3std F3+e] 3x9 Al A Xl pointcloud
dlolEl 5 A3 4= 9ltl. pointcloud HOJE1E 2] HE A AH
A Mgk 25o] =4 gAE S8 olEwd A AbEo] 7 st
25 v A" RGB-D 7idgtel Hx EA o] A AAbS
LA WX = a9 78k Zv WA RGB-D ZhH|Etel H3i
EA7HA "olxl 3xd A”E D =(dydyd,) 2 A F9¥ RGB
ojmAlo| A EAl EA7I7F WA HE =49 T HAE C=(cne) T
=t} ¢ & o]g€3d pointcloud Hlo|EoA EH3xE EA7FA L] Ag<l
(0, PCy D) E DETh Ol (pey,pey,pe) T ©183l ofe A3 o] D=
(dy dy,d)E T2 F SAth

ina— ) =
sin(a — B) = P
dy = pc;sina —pc, cosa
dy=pr

d, = pc,cosa+pcy,sina

[4 11RGB-D 7Hjgts} 84 2+ A7 AL F2)

3 ey 211
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Side View

Top-down View
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SuccessCount < 0

FailureCount < 0

1

2
3
4
5
6

|

10
11
12
13
14
15
16
17
18
19

20
21
22
23
24

while (searchTargetObject() >0) do
Initialization of joint position
omni_base.go_abs(start position Py)
if (FailureCount > SuccessCount) then
ObjectName, PositionInfo < searchlargetObject()
posX <« Positionlnfo.z * sin(m /2 — head-joint) —
PositionInfo.y * cos(t/2 — head-joint)

omni_base.go_rel(posX, Positionlnfo.x, ()
whole_body.move_to_joint_positions(joints to pick-up)
gripper.apply force(1.0)
whole_body.move_to_joint_positions(joints to transport)
omni_base.go_abs(start position Py)
SuccessGrab < RecheckTargetObject(ObjectName)
if (SuccessGrab = TRUE) then

‘ SuccessCount «<— SuccessCount + 1

else if(FailureCount <= SuccessCount) then

‘ FailureCount < FailureCount + 1
else
gripper.apply force(1.0)
FailureCount < FailureCount + 1

if (FailureCount < SuccessCount + 2) then
Scheduler(S,, SuccessGrab)

omni_base.go_abs(start position Pj)
whole_body.move_to_joint_positions(place the object)

Scheduler(Sys)

Gripper.command(1.0)
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Abstract

Self—Labeling Online Learning
for Mobile Robot Grasping

Youngjae Yoo
Interdisciplinary Program in Neuroscience
The Graduate School

Seoul National University

In this paper, we proposed a new grasp perception method for
mobile manipulation robot that utilizes both self—labeling and online
learning. Self—labeling is implemented by using object detection as
supervision, and online learning was achieved by training the model
with a randomly sampled batch from a queue—based memory. For
robust perception, the GPN model is trained by processing four types
of sensory data, and shows high accuracy in performance with
various objects. To demonstrate our self—labeling online learning
framework, we designed a pick—and—place experiment in a real—
world environment with everyday objects. We verified the
effectiveness of the GPN by a comparative experiment that measured
the task performance by comparing time within two demos: one using
the GPN—trained model, and the other using a simple logical method.
As a result, it was confirmed that using the GPN does contribute in
saving time for picking and placing the objects, especially if more
failures occur, or the time spent in delivering the objects increases.

Keywords : Mobile home robot, Self—labeling, Online learning, Object
grasp perception
Student Number : 2020—-21841
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