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Abstract — In this study, Deep Q-Network and Advantage Actor-Critic algorithms among reinforcement learning
methodologies were used to optimize the single-mixed refrigerant process for a natural gas liquefaction. And optimization
results using these algorithms were compared with the results of genetic algorithm (GA). The results showed that the
optimization results using the DQN algorithm had lower energy consumption than A2C, and the learning time was
shorter for the A2C algorithm. However, the comparison analysis with the genetic algorithm (GA) showed that the GA
had the best performance, suggesting that research on specifying actions that deal with continuous variables is necessary
for optimizing the process through reinforcement learning.

Key words: Liquefied natural gas, Single mixed refrigerant process, Reinforcement Learning, Optimization, Deep Q-
Network, Advantage actor-critic algorithm
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Fig. 1. Conceptual diagram of reinforcement learning.
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Table 1. DQN Algorithm used in this study

DON Algorithm:
Initialize the Q-network with random weights &
Initialize the target network with weights 6~ =6
Initialize the replay memory D with capacity N
for episode e =0, E-1 do
Initialize the environment (process simulation)
Observe the initial state s, from the environment
for time stept=0, T— 1 do
With probability €, select a random action a,; otherwise select
a,= argmax,Q (s, a; 0)
using the current Q-network
Execute the selected action g, and get reward r, and the next state
S+ from the enviro nment
Store set of a tuple (s,, a,, R, 5,4;) in the replay memory D
if e > e, then
ife >¢;, then
Decay € with decay rate r,
Randomly sample a mini-batch of n tuples (s;, @, R;, 5,11) from the replay
memory D
Compute the target Q-value ¥; = R;+y(max,O(s;1,a';0 "))
Update the current Q-network by minimizing the loss function L(6):

L(0) = 100G 4:0))

end for
Update the target Q-network: §~« 6

end for

&) AAF7) i} Adjo| EE s},

y = R+’Y(maxa’Q(S”a’;97)) (7)

whx], DQNE| 24351 Bl HIE S A7} Alter el v
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L(O) = (v-0(s,a;6)) ®)
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6§%€ HA ANA At A2 9 (eriticy> A B ¥ FF2] 7]
= B7kslks garE]selt). Egh o] =HE] A (advantage)3TE =X
sto] HEJZ}F st szl thsh HAgw) F=go] Bristh 3lE2] 7t

9] 2jol2 ol g3l AE|<] FAE lelo| sk, o] u], o =il
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A(s.a) = R+ ()~ V(s) ©)

o714, vi= AeE ] 7RIS ogste] ARlet A grt

Hok wEbA, A2C SarelFe] 7SRl the A= ol8ate] i)
ol g},
0'~ 0+ a[Vglogrfals)A(s,a)] (10)
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= &8l AR 7HA] s Sl ARt o mWiEA] e &
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L(6,) = (R+yV(s") - V(s")’ (11)
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Table 2. A2C Algorithm used in this study
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Table 3. Major assumptions [4,5,15]
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A2C Algorithm:
Initialize the actor (policy network) with random weights &
Initialize the critic (value network) with random weights 6,
for episode ¢ =0, £-1 do
Initialize the environment (process simulation)
Observe the initial state s, from the environment
for time step =0, 7— 1 do
Select g, using the actor (current policy network, m(a,s,))
Execute the selected action , and get reward 7, and the next state s,
from the enviro nment
Compute the advantage A(s,, a,) = R, + yV(s,.1) — V(s,)

Update the policy network (actor) parameters using the policy gradient:

Vologmny(a|s)A(s,a,)

Update the value network (critic) parameters by minimizing loss
function:

L(0,) = (RA+YV ()= V(s))
end for
end for
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A
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Table 201 VFERAISITE.

2-3. Problem statement

Aol AR HATEA B 2L thS Fig. 20 YERISITH
Fig. 20114 B.%o] & &3y vll(Single Mixed Refrigerant. SMR)
2 7P kst JElo) AAVEA Asg A O = Air coolerE 3
skt &3] 9=7](MR Compressor), & =192~ (Main Cryogenic
Heat Exchanger, MCHE), JT ® 1., 12|31 7]H32]7](Separator) =
F73= 0] ik YntA o ® Edhgull= A, wg, ofleh, 2N 1
2 ek Fo® dEo] glom, Eehdu o] Aol w5 <]
‘d5ol Wol gtk 54o] girt.

=gl 3 elA AA7IAE FEAS ek s
N3}E 3L o] F- JTNGE 71X A 33ste] o5 257) et
o] ], H]-3-F4 7}~ E(Boil-off gas, BOG) 714 4-2] 7] 4] LNG
of FejEnt. g, £l S ngST1E S A gEo
2 7IRFE ¥, Air-cooler®} FEHRAE AXAAM WJZbET) o] JT-
MRE 7XWA Bato] B 2 5=7F 2] 7t ITMRE 533k
E3gmllE g oA TP R 7 S At H e, Zeeka

oA A7k Hlel Pl E WAA17)7] s LS AlF8t

o] 7|3}kgk $ thA] Rt ASV1Z TEE

< MR1 I|

MR Compressor

Air Cooler

Parameters Unit Values

Feed NG Compositions - Table 4

Feed NG flowrate kg/h 626.4
Feed NG temperature T 20
Feed NG inlet pressure bar 60
LNG production pressure bar 1.05

LNG production temperature C Saturated

Ambient temperature C 20
Pressure drop in heat exchangers bar 0.2
Compressor/Expander Efficiency - 0.8

Thermodynamic Package

Peng-Robinson

Table 4. Natural gas compositions[4]

Component Mole fraction
Nitrogen 0.00185
Methane 0.92345

Ethane 0.0428
Propane 0.0221
n-Butane 0.0049
i-Butane 0.0049
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FEED >

Fig. 2. Process flow diagram of the single mixed refrigerant process.
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Table S. Initial values, upper and lower bound of decision variables

ol -

w3

Variables Initial Values Lower bound Upper bound
Nitrogen flow rate (kg/h) 300 150 500
Methane flow rate (kg/h) 400 200 700
Ethane flow rate (kg/h) 1500 700 1900
Propane flow rate (kg/h) 100 0 200
n-Butane flow rate (kg/h) 2200 1000 3000
i-Butane flow rate (kg/h) 0 0 200
Compressor discharge pressure (bar) 20 10 30
JT-MR outlet pressure (bar) 3.8 2 10
MR 4 stream temperature (C) -160 -162 -150
LNG 1 stream temperature (C) -160 -162 -150
Table 6. Definitions of actions a;~a,,

Decision variable action value action value
Nitrogen flow rate (kg/h) a + 10 kg/hr a - 10 kg/hr
Methane flow rate (kg/h) a, + 10 kg/hr a - 10 kg/hr

Ethane flow rate (kg/h) a + 10 kg/hr a3 - 10 kg/hr
Propane flow rate (kg/h) ay + 10 kg/hr ay - 10 kg/hr
n-Butane flow rate (kg/h) as + 10 kg/hr as - 10 kg/hr
i-Butane flow rate (kg/h) ag + 10 kg/hr A - 10 kg/hr

Compressor discharge pressure (bar) ay +0.5 bar ay; - 0.5 bar
JT-MR outlet pressure (bar) ag +0.5 bar ag - 0.5 bar
MR 4 stream temperature (C) ay +05T a9 -05T
LNG 1 stream temperature (C) ay +05TC ay -057C

RAFSHRe] Aol Fasith WA= A Al RS 2 A%ls
wjo] B R, Specific Energy Consumption(®]3}, SEC)E S
from g o] BAF Reoi L] Mdeslth WA R, 20 TS
A3l tht 22 AL EkE 1 sl
1) §t5719 7" 359 71 i 10]th

2) B& A3k #H 4 A 25 (minimum temperature approach,
MTA):= 2KO|T}.

o] AlefArerS Tedst HAEE R

o= T3} 0] 4031310,

Rconst,comp = 3‘//2%7"."7 if mein >vf
MTA-MTA
3 " if MTA>MTA,,,
Rconst,HX = MTA—MTA (12)
3 " otherwise

Rconst mm(Rconst,comw Rconst,HX)

AZIM R, compis. HF7 1T A7olA 718 28-S st wAdee
oltt. v, AF7] ITelM e 71 EE AleFgkolm i Aol
M 12 ARSI vis 4571 el e 717 et
R e GRE7]8] MTAE T8 st BAFEHoln, MTA,,, =~
MTAZ] AlHEOR & Aol 2% A4asith. AsHow
R 0ii= Reonstcomp® Reonspix & HAk 2 A=l AlopATE
& I RS A R0 101530 T18A) ks 3= 4 12

off ofel 15T 22 k& 77 fdt.

Ry Thr 2l 2all g oJ == SECE #HAadtohs 73+
Shz BAderoltt.

kWh ) _
kg LNG

Al

of

Total Sum of Energy Consumption (kW)
LNG Production Rate (kg/h)

SEC( (13)
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ol wEsle] T3} 2ol Ry TSI

Rgpe = 1-M(SEC-SEC,,,) (14)

©37)4] SEC, = SECS] Hulgko @ o] AoAi= 1 kWhikg LNGZ
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= 0.5% AFstATh nfEb Ry 4220 1300 218 SEC7} SEC,,
B} 2S94 Ry 1802 3HS 7147 59, SEC7} SEC
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uhbA], BASHE RS HE4 07 thedt o] %3

ax
max

=) >~
A 4

ek,

{RSE(#RCW”,if lower bound<a, <upper bound, 1 <n<20 15)

—1, otherwise

oJ71M, a2 WEOE ollo]HET} F
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3= 8%0] Table 50 o2
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S E835Y 498 AL, 1 919 sto]HupebulE g4y
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Table 7. Details of DQN and A2C algorithms

Table 10. Optimized decision variables

Item DQN A2C Decision Variables GA DQN A2C
Discount factor (y) 0.99 0.99 Nitrogen flow rate (kg/h) 421.3 320.0 360.0
Learning rate (o) 0.001 0.001 Methane flow rate (kg/h) 583.7 480.0 450.0
Episodes 500 500 Ethane flow rate (kg/h) 1617.3 1480.0 1450.0
Decay rate(r,) 0.999 - Propane flow rate (kg/h) 29 120.0 10.0
€min 0.05 - n-Butane flow rate (kg/h) 2780.4 2240.0 2300.0
Batch size 256 - i-Butane flow rate (kg/h) 9.3 60.0 40.0
Network Details Actor Critic Compressor discharge pressure (bar)  17.0 15.5 19.5
Input layer 10 x 64 10x64 10x64 JT-MR outlet pressure (bar) 4.8 38 43
2™ Jayer 64 x 64 64 x64 64 x64 MR 4 stream temperature (C) -156.7 -157.5 -158.0
3" Jayer 64 x 32 64 x32  64x32 LNG 1 stream temperature (‘C) -154.6 -156.0 -152.5
Output layer 32 %20 32x20  32x1
Activation function ReLU ReLU =
Optimizer Adam Adam sl

Table 8. Details of genetic algorithms used in this study

Item Values
Used package PyGAD [16]
Objective function Minimize SEC
Constraints MTA >2 and vf> 1
Decision variables See Table 5
Generations 150
Population 50
Elite parent 10
Crossover type Single point
Mutation type Random
Mutation percentage 20%
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Table 9. Optimization results

Item GA DQN A2C

SEC (kWh/kg LNG) 0.290 0.306 0.305
Power Consumption (kW) 172.1 183.4 178.2
LNG production rate (kg/h) 593.3 598.6 585.1
Reward - 235 235

Vapor fraction @ compressor inlet 1 1 1

MTA @ MCHE (C) 2.00 2.04 2.12
Execution time (min) 216.4 395.7 225.0
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Table 11. Optimized results of parametric study
DQN SEC (kWh/kg) Maximum reward Episode MTA (C)

Base case (0.001, 64) 0.306 2.35 49 2.04
. 0.0005 0.300 235 224 2.03

Learning rate

0.005 - - - -
Dimension of 32 0.294 2.35 209 2.01
hidden layer 128 0.306 2.35 49 2.04
M value in 0.1 0.306 2.07 168 2.19
reward function 1.0 0.309 2.69 454 2.07
Best case (0.0005, 32) 0.293 2.35 157 2.10
A2C SEC (kWh/kg) Maximum reward Episode MTA (C)

Base case (0.001, 64) 0.305 2.35 403 2.12
. 0.0005 0.316 2.34 186 2.04

Learning rate
0.005 0.310 2.34 416 2.02
Dimension of 32 0.334 2.33 475 2.28
hidden layer 128 0.324 2.33 187 2.02
M value in reward 0.1 0.348 2.07 204 2.22
function 1.0 0.346 2.65 149 2.02
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