Journal of Institute of Control, Robotics and Systems (2023) 29(7):543-549
https://doi.org/10.5302/J.ICR0OS.2023.23.0045 ISSN:1976-5622 elSSN:2233-4335

LW-RCPE 0| Z¢%t &= A[AH[of ofist
Zatstg 7|dke] Moj7] e 2k

Development Environment of Reinforcement Learming-based
Controllers for Real-world Physical Systems Using LW-RCP

ol Bf 4%, & = 8", o] & &
(Taegun Lee', Doyoon Ju', and Young Sam Lee"")
'Department of Electrical and Computer Engineering, Inha University

Abstract: In recent years, reinforcement learning (RL)-based controller design methods have emerged as a powerful alternatives to
traditional methods, providing a novel paradigm that overcomes limitations associated with the need for accurate model information. In
this paper, we propose a development environment for RL-based controllers in real-world systems by integrating MATLAB/Simulink,
Python, and the LW-RCP (Light-weight Rapid Control Prototyping) system developed by the authors’ laboratory. The proposed
development environment utilizes LW-RCP’s library block in a Simulink-based RL controller model, enabling real-time experiments on
real-world systems, and stores state information data in MATLAB’s workspace. Python obtains this data through the Python API after
each episode and uses it to iteratively enhance the RL agent’s policy by using RL algorithms. Updated parameter values for the agent’s
policy neural network are then sent back to MATLAB's workspace, enabling convenient updates to the deep neural network-based policy
controller block in Simulink. This development environment greatly reduces the time and trial and error in configuring real-time system
controllers by providing LW-RCP with all necessary functions. Moreover, the efficient data acquisition and integration between
MATLAB and Python workspaces facilitate the learning process and reflection of results in Simulink-based controllers. We demonstrate
the effectiveness and convenience of the proposed environment through its successful application to the swing-up control problem of a
single inverted pendulum.
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Fig. 1. Flowchart of the LW-RCP operation mechanism.
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Table 1. I/O function details of LW-RCP.

Block name Description

Encoder counter 2 channels, 32-bit

ADC 8 channels, 12-bit
Input
blri)pcllis Digital input 8-bit
Period and duty 3 channels

Time/Time difference Resolution: micro second

6 channels
PWM PWM/Direction interface or
Unipolar complementary PWM

Output DAC 2 channels
blocks . .
Digital output 8-bit
Frequency 2 channels, up to 40,000Hz
BLDC PWM 2 channels

ool ES] slgol 7hsdh

t A9l LW-RCP Al2=El& ARgste] 7Aoo} Fofol A
Ball-Plate A|2~El[14], 2 - 3%+ 2A1g E%?ﬂx} Al 2=5l[15-16]
< Alojg vt EAgh g A
EPXAET AN 6 gE AXES 2 %—sﬂo]: sk Al
Ho3 olE T3] LW-RCPY thofgt 7l tigh &8 7}
TAE U F ok

LW-RCP} 34 AME-E= Matlab/Simulinks A AIZFO.2
tolHE st Aesh=t] Age Ho R, B33t A
of Alz=®le] MA 9 T 4y AHSEI ok 2 N
7oA Matlab/Simulink®= 1% 194 AH3sl= vle} Zo)
LW-RCPE F3ll 418 HE ARl Al ARE At
7 B AE AzFe PCelA AskE Alojge 1Vt
3= Ao} A|2E 34 HATHS E)dit) B =Rojx F
stz sk Asisks 71Wke] Aol = Simulink ol £
FHE XA Aok A7 AsEsE 716ke] Alo)7]
5E A3Es do|HES AW A EES °l§
3 d¥or Sojes AR 34 AR HolHE v
02 A5 AR A HAHE T3 HEHO dFE ==

Al At A7 AAZE Aslsks darg]EellA ARS-st
ARG FLE 715E AL F e EF T
o]E 93l MatlabollAl= Deep Learning ToolboxE
Adstal glom, diiRos st 729 A% AT
Matlab function block-e &8st 24 7L & ok =
3+ Matlab/Simulink 3304 A Ao 2 Uut]= F= AY
e A% 7S ATt ernE, dutE A2
Agshe Aol JoAXE HeE AFEE F ATk
3. Matlab/Simulink2} PythonS Z&Fst S8 7Hgt &k

AQbsh= M S-S AR de Al=He HolH
FHE5 9 A, 419 oy 7|8k Aoj=F A4 B Ao Al

17
m
ruln
rlo
»
o
ok
v o

o[

o

e e ok
1
o ol

{0 1o
[

=



546 Ol Ef A,

LW-RCP Matlab/Simulink Python
Clole =8 & > AN > gasts
Mol AE &2 |4 MOl AIAE g OloI™E

Y A
4 4 4
sta2 E6
S AAY ANAY 2LIHE g;eﬂﬁé}

a9 3 AE N S o] A

Fig. 3. Concept diagram of the proposed development environ-

ment.
3 /&Y, ol& Hig o= sl AslElkg ¢aglE 71k
A3lels Clo|HE A4 H ALE T dde s 73}
7] 8 28 30 Hole /dEe) Zol Al 71x] R A
2®’l-S AFste] ARESITE Matlab/Simulink= T $1X]

st AE A2l AARE Ao Al2=Fle] S s}
™, LW-RCPolA &= HIo|E1E Python7}A] 2RI
SHE: A 2=8l 7+ B AP #& 74517 213 Matlabol
A FSH= ‘matlab.engine’ Python APIE &3t} 3|9 7%
2 Matlaboll Al /W3 7155 Python A AR 4= QL
55 Asl7] #Jel Matlab Sl A Xﬂ*ﬁ%— 7e g o
APIE /\]’%O]—Eﬂ Python = WjollA] Matlab $
Aa)s} 2=

T= EEO]'_L
3, I W9 A= 71ssitt &), Matlab
7} Python?te] 24 F2tell A= HITste] A4 HTEs
ZHrEAl FHek B8 5 o] F doje] AHE =
283 ZEHQ Ado] Zhsaizith

A8 71HES &85+ PythonT} Matlab/Simulink”} 2

4 m[o

4 Felo] /i @79 Jd eAe 1E 40l Bol= 5%
Python Matlab/Simulink
2oteE (O0IHE M LW-RCP Z2|3t
25tets NI0IEEY Python APl | Simulink 49 A% AIHY
Weight, Bias 2t & & S5 et0IE AOI0IE

bi

LW-RCPZ £H
AZ AAgIQ|

SEf ZL2 OO0E +

Replay bufferS At25t01
OIOIME B X5

Ao’EH 2B Mg et
O

i

nk2l to workspace
off MatlabOfl & &

+AE HO0IHES
Replay buffer®fl X2

!

Matlab2 2 £
&t Episode =02t
HEE 2o Hioly 4

N ¢
J
no £
OHII i

Python API

1% 4. Matlab/Simulink ®} Python®] 5%
Fig. 4. Flowchart of the Matlab/Simulink and Python.

z 0094

S5 mETE AAH #FL theF o] AR
ok WA, PythonolX AHE A3EG oo|HAEE Al
P5 Aol AgEE HetlE 3k F A AP S
2] # W S W42 AASEAL, Python APIS ©] &
& Matlab®] 2+¢] F7bel] AL} o]F, Simulinks AA
F Ao AlzEl mEl gof HeEuke detu|HES wivh

HERE ARgate] 3elg do|dEe FYF dF HAS
TYsH= AT AFT 55 T F Simulink 2 9}
& Al 4B Azt Fadedch o HHdA
Simulink:= to Workspace &5-& AM83te] 7+ AFsa-gvic}
-1 4:7}3] §],7d )\H:,]] ;%E _.,])y\l:ﬂ B’(EE )H;;ﬂg E)\hsl-/“
of 93 B Fke] Hlo]HE Matlabe] 2dF7tel #4435
o} Simulink 2@ A A2l FEAg-S whEsitrt
ATFAE G ollise] FH Agte] AupAY, H]E
AANE B4 B8 20 RIsHe Ao AT A
Aol 2dg TR Simulink B0 &iﬁ_ %, Matlab

Sk Ao A=EeE AAE 858 H|°]E]ES Python API

o]83t] Pythono 2 Z3het, Python—c 3 HolHE

AAFg7bol wol vy XAgH 3ntE AslEly o

dEe] G, 3 B AASE AR, oIF 9 917

ATAL Yhe 2o Al U bR whEsie)

iF Aloj71e] s FE oleth

ol e o o rlo
>,
m
(e}
9;
¥
N

o
e
oy
N
=

II. Z3tEks 7[gete| 18t F MY EEAIXe
swing-up M0{7| 78

2ol AN AN BHe) FEAS AZH) 9
@ 3o £A8 A0 18 SRagel i AzEE
o= Aoy YL olgF Aoly] FH AW 5
ik ¥ AEel et ol ES A A2
HE AR ARE A8 eA B2 Al o2 4
NEiste] 4EAES Ba Qe HolHE Sues 3%
3AE A5 Hk

09:,
of
>
i
=2

=

4

High speed USB

Motor PWM

Matlab/Simulink
Motor encoder Python

Single inverted pendulum

% 5 AE ANE g o] st=glof miA| =

Fig. 5. Hardware layout of proposed development environment.



LW-RCPE 0|E8t &= AIAE

RL-based Controller

thet Zatets J1ekel MOoDI I

13 6. Simulink® 73 H

o
o

547

I—EI4
>
dot_theta

PIV motor controller Single
Inverted Fandulum

ZF8telss 710k A 0171 & AHEShe A Al 2El Alo] 2.

Fig. 6. Real-world system control environment utilizing the reinforcement learning-based controller implemented in Simulink.

» PWMO0  (LW-RCPO1)

2°pi8192

dot_theta

a9 7. LW-RCP9] /O E5E5 o]&3l 7434 single inverted
pendulum 4] B A| <8l

Fig. 7. Single inverted pendulum subsystem constructed using
LW-RCP's I/O Block.

B AF = model-free Z318Hs dugE =
5= SAC (Soft Actor Critic)S =3I Th A% 3

= ol A}

%5 %m AN SR B we BEA 4R
U SAC FFe A AEDs] F2 4% el
—%7}@2@1 SHe B AF AN by e
PP 5 e 5L 20 Y7L E =R FHe

7]‘?_94 Zﬂ°17] 7H£ ¢ :rLi Akl e FaL 3

5 |

EF‘T*—?‘] %‘ﬂi ??}E}. SAC EJ_E]%o]] & e e
271004 1 4 k.

18 62 SimulinkE E8] 7" 7288k 7)dke] Ao
71E AHgShe AE AlH x1]o1 B742 Jepdty, B A3
o)Al LW-RCPE &3l T= 7153k AA| A|~dHe 317
Ao shms) 2] SARRES) 89 ok A4S 9
Welel xHo) tlek WA} o)]R= 7} golu) olw), #Fhe
F5 AR RAAFFe] HAE 8 UmA e 2HE

rlo Hu o )Y

P

st -r<f<rel WHLE At o] S Egsty
Simulink oA QxS B3l FrlHoz stE] &= 1o}
Axe] &% 08 T2 5 gon, o= 1Y 72 E
gl 4 At} Simulinke AT ARE AFASI 2,
sin(8), cos(0), z, 62 o]o1x 5749 HolEZ &Y
Ao 87 e ARE FART %A FAE e A
BE FuEd18]9] AHAEC] AREHE iHAoA ZRE 6}
o, BAe e HREY A Fe= W= AF
Aoz o]Foizl sk 7Nk Alojrlel l¥goz A
"ok dge 7We g Aor)e A A, F A5 AA
o] ke B AojFs FHIT FHHE AojFe
Eeo| 75 Zh well dldst, FE71e 2 sEE
atod -150014 15 Abole] W= AFHgIc)

B AoAE @ ollgise Zolg 1522 A%
73813k 7|uke] Aol7]E 10ms F71E 1Y EPZIAe] A
B AEE deiol T Yo mE R VSR e
At ojnf AEE VMR e HEIE B3 EEY
S5 FEAR AR, o]t Ims F7IE PIV &= A°]
715 E33F F LW-RCPY| Send EE& AM&3le] TE|J
PWM A& g <l7}gth

Zelsts 7ol Ao717) swingup w2 ST FH,
71ES] 27] YAA ke =8 HHE AFHoE
A== S5A7]7] Y8l FuEH[19]S Fxste] oS
2ol v 71X 84 A3 Fejo] S AASITE

o2 ¢
Xlr>

m
S

R, =04+06e "
Ry=0.5+0.5cos0

Ry =04 +06e "
R,=0.7+03(1—(u/15)%)

)

Reward = R, X By X Ry X R, ®)

A8 B 0]?——% ﬂw Azt 29 g &
= gho] F7kske
2 Yepit). o2 %611 } = agel Ao 2ae
Aol Hadel $49
FAFEE s, Ao} e;aa%t% Azslsls o %



548 Taegun Lee, Doyoon Ju, and Young Sam Lee

Cart position : =

L
0 5 10 15
Time (sec)

o L L L L L L L L L Cart velocity : &
-10 -8 -6 4 2 0 2 4 6 8 10 T T

9 8BS Y=
Fig. 8. Reward function graph.

Original Data
Average of 1k episodes

L
0 s 10 15
Time (sec)

Pendulum angle : 6

F " 1 1 1
bl 50 1041 150 a00 250 300
Episode

a7 9. 3k A 1
Fig. 9. Learning results graph. 7 s 0 \5

Time (sec)

,_Ii__7]_)£']_c_>_i :TJP/] %}1\-0] 02[m]—§— _3’,]-“5‘]—7-11/}- 99/] %}\_o] Pendlulum angular velociify: 0
25[rad/sec] & ZFsh= AF- SlE dFi=s= S50 =7 ;
o] HA ria waste] |G Aol 27] FEahL, ol
w7k Ao HolEwhE 71Xl HlE Pythond] 5 I
Aoz Joi7p "ok
4718 271e] AY Bl olFAEE B A
YRS o, 18 994 Hol= niel Zo] oF 2803
ANFLE WEE AH HFHOE =Y YUE A5 (. R
U FAE Srwe LA 2% 10, St SR AHS] 87 A AR e
Shgol TR dlld ARl el 73 Adel FEE Simulink . . . . .
o A7l BES ALes] SIS AT 12 103 2ol Ut Fig. 10. Environment state information graph at the point of

B ol A8l Fluke] AlolslE Bl 19 ANY =
YA Alol71e] A ZEAD swingup Ao )% Lol
A Aol 57 JEE s G4 5 Aee U

rr lo m[o

learning completion.

Ao ATASE JAING delF WAk 9
4 AT B FAY 5+ YA H0, model-free FBA3I

E Yuelze) 2R FHE BEF AT Sl B2
S A9 o), A BAS Sa) Bstel doldEst
TEE AE Azglo] AAREe R ofgA deagatal A A

B =R LW-RCPER= rapid control prototyping Al #AH o7 #AE F Utk 3T AHAA SHHE HAE A=
2~Ell3} Matlab/Simulink 2 73}k AollA 71 ghilkst elo] 37 e AKRol T3 tlolE e} Elo] AAISH HAF
A AMEET JE Pythond ZAEsIY AE AlxE Uigh o] g 5 ATl AMSEE Tk ]OIH Simulink
A8 ie] Alolr] A AL AT, o A7k} BEES Bedle] S7Hew AT & Atk
A6 A B3 B AN GIAEE A o 28 Sl s 8 WY A A5 AT
oo|HES} HAE A2E Tt A5 2ARge Hagh QIEFH o)A o] 8 S AAREOR Tetdt = QA FoEH, AT

T AREE F7HQ =83 ARRE dekd ¢ Stk Zke] TEE S FIAZE Ao Tt



(1]

(10]

(1]

(12]

(13]

Development Environment of Reinforcement Learning—based Controllers for Real-world Physical Systems Using LW-RCP

REFERENCES
J. Kober, J. A. Bagnell,
learning in robotics: A survey,” The International Journal
of Robotics Research, vol. 32, no. 11, pp. 1238 - 1274,
2013.
B. Kiumarsi, K. G. Vamvoudakis, H. Modares, and F. L.
Lewis, “Optimal and autonomous control using reinforce-

and J. Peters, “Reinforcement

ment learning: A survey,” [EEE Transactions on Neural
Networks and Learning Systems, vol. 29, no. 6, pp. 2042 -
2062, 2017.

R. S. Sutton and A. G. Barto, Reinforcement learning: An
introduction, 2nd ed., The MIT Press, 2018.

T. P. Lillicrap, J. J. Hunt, A. Pritzel, N. Heess, T. Erez, Y.
Tassa, D. Silver, and D. Wierstra, “Continuous control with
deep reinforcement learning,” arXiv preprint arXiv:1509.02971,
2015.

V. Franois-Lavet, P. Henderson, R. Islam, M. G. Bellemare,
and J. Pineau, “An introduction to deep reinforcement learn-
ing,” Foundations and Trends in Machine Learning, vol.
11, no. 3-4, pp. 219 - 354, 2018.

G. Dulac-Amold, D. Mankowitz, and T. Hester, “‘Challenges
of real-world reinforcement learning,” arXiv preprint
arXiv:1904.12901, 2019.

E. Todorov, T. Erez, and Y. Tassa, “Mujoco: A physics en-
gine for model-based control,” 2012 IEEE/RSJ International
Conference on Intelligent Robots and Systems, pp. 5026 -
5033, 2012.

G. Brockman, V. Cheung, L. Pettersson, J. Schneider, J.
Schulman, J. Tang, and W. Zaremba, “OpenAl gym,” arXiv
preprint arXiv:1606.01540, 2016.

Y. S. Lee, B. Jo, and S. Han, “A light-weight rapid control
prototyping system based on open source hardware,” [EEE
Access, vol. 5, no. 1, pp. 11118 - 11130, 2017.

M. Abadi, P. Barham, J. Chen, Z. Chen, A. Davis, J. Dean,
M. Devin, S. Ghemawat, G. Irving, M. Isard, M. Kudlur,
J. Levenberg, R. Monga, S. Moore, D. G. Murray, B.
Steiner, P. Tucker, V. Vasudevan, P. Warden, M. Wicke, Y.
Yu, and X. Zheng, “TensorFlow: A system for large-scale
machine learning,” Osdi. vol. 16. no. 2016, 2016.

A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G.
Chanan, T. Killeen, Z. Lin, N. Gimelshein, L. Antiga, A.
Desmaison, A. Kopf, E. Yang, Z. DeVito, M. Raison, A.
Tejani, S. Chilamkurthy, B. Steiner, L. Fang, J. Bai, and S.
Chintala, “Pytorch: An imperative style, high-performance
deep learning library,” Advances in Neural Information
Processing Systems. vol. 32, 2019.

S. Gu, E. Holly, T. Lillicrap, and S. Levine, “Deep reinforce-
ment learning for robotic manipulation with asynchronous
off-policy updates,” 2017 IEEE international conference on
robotics and automation (ICRA). pp. 3389-3396, 2017.

J. Hwangbo, J. Lee, A. Dosovitskiy, D. Bellicoso, V.
Tsounis, V. Koltun, and M. Hutter, “Learning agile and dy-

[14]

[16]

[19]

N
"W
S
2023 Usioigta oishd A7]1FHFE
vl F3} A4 24
]

549

namic motor skills for legged robots,” Science Robotics,
vol. 4, no. 26, 2019.

J. Park, H. Bang, and Y. S. Lee, “A study on the im-
plementation of a ball and plate system using LW-RCP and
machine vision based on odroid,” Journal of Institute of
Control, Robotics and Systems (in Korean), vol. 26, no. 4,
pp. 213 - 221, 2020.

D. Ju, C. Choi, J. Jeong, and Y. S. Lee, “Design and pa-
rameter estimation of a double inverted pendulum for mod-
el-based swing-up control,” Journal of Institute of Control,
Robotics and Systems (in Korean), vol. 28, no. 9, pp. 793 -

803, 2022.

C. Choi, D. Ju, J. Jeong, and Y. S. Lee, “Structural proposi-
tion for a triple inverted pendulum and implementation of
swing-up control using an LW-RCP02,” Journal of Institute
of Control, Robotics and Systems (in Korean), vol. 28, no.
10, pp. 916 - 925, 2022.

T. Haarnoja, A. Zhou, P. Abbeel, and S. Levine, “Soft ac-
tor-critic: Off-policy maximum entropy deep reinforcement
learning with a stochastic actor,” International Conference
On Machine Learning. PMLR, pp. 1861-1870, 2018.

V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J.
Veness, M. G. Bellemare, A. Graves, M. Riedmiller, A. K.
Fidjeland, G. Ostrovski, S. Petersen, C. Beattie, A. Sadik,
I. Antonoglou, H. King, D. Kumaran, D. Wierstra, S. Legg,
and D. Hassabis, “Human-level control through deep re-
inforcement learning,” Nature, vol. 518, pp. 529 - 533, 2015.
J. Baek, H. Jeon, J. Park, and S. Han, “Control of inverted
pendulum on a cart via reinforcement learning,” Proc. of
2019 34th ICROS Annual Conference (in Korean), pp. 313
-314, 2019.

‘—.A,
=y =1

ol ef A

20231 <lEHstw Hr|FEE 4.
20231 3~#A| QJsiosty digd W77
FEIFE HAA A 5 Aok
= As1EE, Yuits Al 840,

20033~87) 5 et upae Ajst
% BAEoRs HxA0), T A2
w, ekl

y

of & &

Aol - 2E - AN2EEE] =24, A 159 Al 45 F=x



