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Pipe Routing using Reinforcement Learning on Initial Design Stage
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Pipe routing is a important part of the whole design process in the shipbuilding industry, It has a lot of constraints and many
tasks that should be considered together, Also, the result of this stage affects follow—up works in a wide scope, Therefore, this
part requires skilled designers and a lot of time, This study aims to reduce the workload and time during the design process by
automating the pipe route design on initial stage. In this study, the reinforcement learning was used for pipe auto—routing,
Reinforcement learning has the advantage of dynamically selecting routes, unlike existing algorithms, Therefore, it is suitable for
the pipe routing design in ship design process which is frequently modified, At last, the effectiveness of this study was verified
by comparing pipelines which were designed by piping designer and reinforcement learning results,

Keywords : Pipe routing(Hi2+E=2 A7), Reinforcement learning(&atsts), Machine learning(HAI2{E)
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2.1 ZEleks
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Efoll chet HElabel)2 0l8sh Ee s =2 27 %
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= st FEet Soil ARSEICE oiX|ee 2 Zelels2 Fg.
1ot 22 =& 711 2 HollA 32| FH7t == ollo[H

Et 2HE AR He ASS A AE SER S0 = 3

Reward
Rt
State Action

Environment
Fig. 1 Reinforcement learning process

LestEe o ZRE Ciekst 24 siZ2s flst ¢uz|Ee=z
AR=|0] 2t =2 DeepMind2l Deep Q-Network (Mnih et
al., 2013)2 2ISA|S HIS =203 Auli(Aphago)2| 7HE
O|F2 Zstskzol Chsh A7t Halzld 7o 2 2 &t
Aotz S o] =olFct &2 AToMe Zeleks YnelEe

2 Proximal Policy Optimization(PPO)& AFR3ICH (Schulman,
et al., 2017).
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PPO= Trust Region Policy Optimization(TRPO) (Schulman
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Table 1 Pipe number

iH|Afo|2] O[HAHEIE 11

Pipe number| Start equipment | Destination equipment
1 8 11
2 9 12
3 10 13
4 7 6
5 3 4
6 3 5
7 1 2

Fig. 2 Pipeline in simplified engine room model

Fig. 4 Top view of learning environment
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Table 3 Hyper—parameters

Parameter Value
Batch size 256
Buffer size 2560
Beta 0.01
Epsilon 0.2
Gamma 0.9
Lambda 0.9
Time horizon 64
Number of hidden layer 2
Number of epoch 3
Hidden units 128
Learning rate 0.001
Max step 500,000

Table 4 Experimental hardware specification

Value
CPU | Intel(R) Core(TM) i7-8700K CPU @ 3.60GHz
GPU NVIDIA GeForce GTX 1080 8.0GB
RAM 32.0GB

Design reward Pipe number Value

Action for minimum length |1, 2, 3, 4, 5, 6, 7| -0.1

Action for minimum bending |1, 2, 3, 4, 5, 6, 7| —-0.1

Action for close to the
destination 1,2,3,4,5 6, 7401

Action for far from the 1.2.3.4.5 6, 7| -0.1

[==]
o] Zxists oA 2HoIME HESP| o2
AMZRE B2 0 22| 7t
b msof 2F A Z=7dol| CHEE HZ0| H

WUS FOE22AM X[siolsh=
g o Qlot Eok A o 8 g
2AACIM MALE 10| 7|E StEZIE MEEoM U
& ool & Hol| chgt tigol 7 |

ZEMY L2Ent vlws) o

50l LIERHRACE

Table 5 Path—finding algorithm comparison

destination
Action fo(;irtggti(i)nrl]et nozzle 1.2.3, 4.5 6, 7| +0.1
Reach (tsohgﬂepg(taﬁ)tination 3,45 6,7 +0 1
Reach (tlténtgepgtc}]s)tination 1.2 +0.1
Reward fo;hLéSirr(])%ttehe floor as 1 +0.1
Reward for using the ceiling 2 +0.1

as the route

. Algorithm Dijkstra| A4* Remforc.ement
Function learning
Global searching 0 X X
Negative weight value X X 0
Response to
destination change X X O
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Table 6 Pipe bending number comparison

Pipe number | Ship engine room model | Learning result
1 3 3
2 3 3
3 2 2
4 1 1
5 3 3
6 3 3
Fig. 13 Learning result without structures / 2 2

(c) (d)
Fig. 14 Original pipeline(a) & modified pipeline after changes its destination(b, c, d)

ol

196 CHStEMSHE =2 2! X| 572 A4S 20204 8

r
r
]



>
o
rx
T
0E
n
juked
=
Jjo
to

el
5
oy
N
0t
>
0x
0

1@ e
2 A7E S5 222 of2iet 2ot
(1) Mute| AXF SFAolM Uatstsg of&sl & 77H siet
o| 425 MMct

= 7| Rade A3t

(3) ololMES| 2T stepoiiAfe] Eak2 Hto| HS wAfTh
216.03, 15.01, 4.60, 4.90, 5.00, 4.80, 5.002 H{=t 3 HE
& 22 MoEls S ZEE AEEREM 4 =7ies
FH FUECR Hikg ot dRMEE Al 2= +10.020H
2 2a2 Tien LiHX] sfaE2 | Baknt 39| 2ike
Hhe A ZAS0| ME HME=[0] TAZE Al E= 5.0
o 3 R[] b A2 steE SEICH

(4) 242 0|8l St Z2E 13e £ AUSS 23t

(6) Zelekgs olSet skl I
SHA7t el ZEMEE
£ Higez Hajof L3310 2

d0 Hu
nx
]
rir
N
y
0
(@)
o
H
rn
ok

o
d2E W8Y + US2 2C

AFAD} HiR[EE v e] ZE2ot oo Hk= HFE0| FAL
X2t oR71o] XjolE ECt Ol siEEE AAVE dAXle| &
2ig 7|HeR O|F0iXl= AF2M HAKoICt six[ 2ot 22t
2 = | w20l o7l ARSEl 2HO| 2t 2 oo &2
2ol MAE o 2f=|ojof T MAH| =20| =50l B=5] By
x| RZ0| hzolct A Mute| AIXES SESHK|TE od7ol &
e 22 o|wy 7SR ool sjad 2 Ao Feot M
A =Rk MBof REt AUES BACE SIS 2 ATt A
Lol Moz ARBEP| 2o vi2t MxE S7, Ma=s
WE 0|, siat P SO Al 7K 12q=|ojof Bt e
T 7S Soll YU S V[HIeE ol M e A
S| BIESED o] M| Z=AS2| Al MRS Baez
M HESP LE 5 =S A2|E2 FMeiclH oS F
Sk H

ol
o
Hu
[l
ad
=
0
100 op
M]ﬁ
o il
W
4>
30
o
P
k=)
in

£ 0|8 Z2UHo| FHX| Hslof|
thse = USS SRR HEE SHAIR| 226ks 42 &

off YoHZ0| M7 AL HAE SHR|Q| fIx[7} 7|E SHK|t 3

A cf=ckd sleidel 428 MEsK| RJct ols dalsts

gdisloll 2P| th3sh| et B2 9
g Us 2T ooIMES FHSh= Aol 28t

7|

o

2 A7E 20204 MR (TP e SR Moz gt
AT =No. 2011-0030013)2t 20209E FEWSFC| M
o IEUSIEPISAISHC| Xpg ghof o= d7el
(20IFIP-B133625-04, Ol 28t 2 XA A- 7= oM T

References

Asmara, A., 2013. Fpe routing framework for cetailed ship aesign.
Ph.D. Delft: Delft University of Technology.

Kim, S.H., Ruy, W.S. & Jang, B.S., 2013. The development of
a practical pipe auto—routing system in a shipbuilding CAD
environment using network optimization. /nternational Journal
of Naval Architecture and Ocean Enginearing, 5(3), pp.468-477.

Millan, J., D., R., & Toras, C., 1992. A reinforcement connectionist
approach to robot path finding in non—-maze-Like environments.
Machine Learning, 8(3-4), pp.363-395.

Mnih, V., Kavukcuoglu, K., Silver, D., Graves, A., Antonoglou,
|., Wierstra, D. & Riedmiller, M., 2013. Playing Atari with Deep
Reinforcement Learning. arXi.1312.5602.

Nguyen, H., Kim, D.J. & Gao, J., 2016. 3D Piping route design
including branch and elbow using improvements for dijkstra’s
algorithm, /nternational conference on artificial intelligence:
Techniologies and Applications, pp.309-312.

Park, JH. & Storch, L., R., 2002. Pipe-routing algorithm
development: case study of a ship engine room design. Jounal
of the Expert Systems with Anolications, 23(3), pp.299-309.

Schulman, J., Levine, S., Moritz, P., Jordan, M. & Abbesl, P.,
2015. Trust region policy optimization. arXi1502.05477v1.

Schulman, J., Wolski, F., Dhariwal, P., Radford, A. & Klimov,

0., 2017. Proximal policy optimization Algorithms.

arXiv1707.06347v2.

JSNAK, Vol. 57, No. 4, August 2020

197





