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25, ING 7% Higlof u2 E& NG 2% 9 EZ 34 2529] 54 W3} of|5o] 7153, FNN, LSTM 4 AutoML
7)4F meEs A3t o= Jg = MSE 715 LSTM > AutoML > FNN 508 £& A5-S »air}. 7148
% B9 25 A] Bl AutoMLe] A5 NEkEl FNNECE Hojwkor, B8l Ak AR AQAI7Re Bek md
Q1 LSTM tiH] 1/15% 3] 2lolE Bol AutoMLE] &8 7HsAds Bt LSTMY AutoMLE: ©]8-3F EZ& NG 4
EZ 35 259 452 05K 1we] x5 KAtk g5 ds €83, #2H ORVE o]&3l A2 753 LNG
71310 AN HAH 5 3sle], 71E b Hl 23.5%2 LNGE 571 28] 7FseS golsigla, e 54
oSmd 7]Hke] ORV # 2 &4 7lol=glels A s

Abstract — First principle-based modeling studies have been performed to improve the heat exchange efficiency of
ORV and optimize operation, but the heat transfer coefficient of ORV is an irregular system according to time and
location, and it undergoes a complex modeling process. In this study, FNN, LSTM, and AutoML-based modeling were
performed to confirm the effectiveness of data-based modeling for complex systems. The prediction accuracy indicated
high performance in the order of LSTM > AutoML > FNN in MSE. The performance of AutoML, an automatic design method
for machine learning models, was superior to developed FNN, and the total time required for model development was 1/15
compared to LSTM, showing the possibility of using AutoML. The prediction of NG and seawater discharged temperatures
using LSTM and AutoML showed an error of less than 0.5K. Using the predictive model, real-time optimization of the
amount of LNG vaporized that can be processed using ORV in winter is performed, confirming that up to 23.5% of LNG can
be additionally processed, and an ORV optimal operation guideline based on the developed dynamic prediction model
was presented.
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Table 1. Studies on first-principle based modeling of ORV and SuperORV
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A7 Aol 7hsskd, A l*%Oﬂ oial first principle 7145+ &
dlo] Ao} 0S8k 2 dIE5ES HQItH9)
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2-1. LNG 7|3} 33

Onshore LNG 713} 372 LNG 4 0 2 HE] LNGE o}
A A AdE R A el A% ? 713715 &3 LNGE

71817 HE AEQL NGE Ak 8l g5dhe 374 2%, Fig. 12
LNG A73} 37 9] &5 =0t} LNG zH71§} Elud oA 7] 3k =
LNG F%¢] 70%7} ORVE &3k 312w, 20%7} SCV, L+ A
10%7} ambient air vaporizer (AAV), intermediate fluid vaporlzer
(IFV) & =HES] 737 23] Omﬂl S glom, #
M= 71 gl AHEEE ORVE] QI5AIAS 7|0 52 Be ‘%—%
s

Study Equipment Objective

Calculated Parameters

Conclusion Prediction Error

Evaluate the thermal

LNG/NG temperature,

Rib-tube was conducive to improve the

Su, H.,etal. 2] ORV performance of rib-tube velocity, pressure efficiency 0-6K
Provide a reference for the LNG/NG temperature, tube ~ Operating parameters distribution
Wang, M., et al. [3] Super ORV design and operation wall temperature, curves would be helpful for the -
management heat transfer coefficient description of performance of the tube
. Analyze the tube length with LNG/NG temperature, The required minimum tube length is
Jin, T, etal. [4] Super ORV the influence of ice tube wall temperature growing with the increased ice thickness )
The cross-shaped twisted tape insert
Propose the new super LNG/NG temperature, L .
Deng, Z., etal. [5] Super ORV ORV model heat transfer cocfficient has a significant ?ffect on enhancing -
heat transfer performance.
The effects of different parameters on <10%
~ 0
Cheng, H., et al. [6] ORV Guidance for the design of ORV LNG/NG temp eratl{re, heat tr'anster of the tube are . (FLUENT
heat transfer coefficient investigated to meet the design . .
. simulation)
requirement
Analyze the thermal The operating parameters have
Pan, J., etal. [7] Super ORV  performance of Super ORV and LNG/NG temperature, important effects on the thermal -
. tube wall temperature
effects of operating parameters performance
Analyze the thermal performance Heat transfer coefficient, The reduction of the LNG mass flow
Qi, C,etal. [8] Super ORV Y P LNG/NG/seawater rate is an efficient method for Super 1-10K

under off-design conditions

temperature

ORV to operate with cold seawater.
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o i HP send-out LNG
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Lo pump
J '8
ety LNG storage tanks
Fig. 1. Process flow diagram of onshore LNG regasification process (adapted from [13]).
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FNN2 Q13A1 4 We] 3t F72 dolg7t sako g Ay
HIES]Aolth Fig. 2= 2709) 2935 7FA= FNN 7220t} ¢

%, 2HT, FYT0] EAlR, 74 3] S A A
AAd AT AFEOTE (X=[X,, Xp..., X, )7} BB AT 2 F015
< o, FNN& th-2] A& A%

Input layer Hidden layer Output layer

Fig. 2. Example of FNN structure.

forn=1,.,D,m=1,.,J%Y k=123

2 ()% B8 9 o 5 B T2 Qo vof 7t 2o
SRle] FEgle] EEEM, ARAE 4 )5 2ok,

XD = @y for k=1,2,3 2)

g7 e 2YS B BE e BEgton
T2 WEskel= &5 $<F(identity function)2 AMESIE R 8 S
o] G5 ol 2 E = ghol ke A HE EE oIt
Altale 2 3)2 2t

v, =X, =h'(d) form=1,...N 3)
1 X 52
L(w) = N Y=Y 4)

m=1

2 (32 3k 7,2 A HoIE (Y=[Y ), Yoo, Y 2HS] &
Al 8h4(cost function)= mean squared error(MSE)E 5% A}-4-5}
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LSTM2 =3H2173'42] 7]-&7] 422 (vanishing gradient) 741&
43}s17] 95k AQkE W © 2 input gate, output gate, forget
gate, memory cell® TJETH15].

Input gate (i)= AAE] HlolE (x)E 718z o= 24 (52
o] vhebd = Qi

i,=oc(Wih_tWyx+b)
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C, = tanh(W.h,_, + W.x,tb.) (5)

Output gate (0,)= =2 ats AYsh= 4TS 51 2 (6)7 ol
Upepd 5 9k

0, = cY(VVohl—l + Wolerba)

Y, = o,xtanh(C)) (6)

Forget gate ()= ZHAS AR (h,_)2 719 A& A= o
Aol 2] (7)5} 2ol veRd 5= ek,

Ji=o(Wh_+ W, +b) @)

Memory cell (C)2 371 el (c, el EA2] AelE ulo| Eal=
sgew 4 (8 2k,

C,=(fxC,_)+(i,xC) ®)

Fig. 3% 2’48 LSTM?] 558 LtERA 18]t}
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Fig. 3. Diagram of LSTM structure. (a) input flow, (b) output flow, (c) forget flow, (d) memory flow.
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Table 2. Inputs and outputs for ORV in regasification process

Data Units Time step Type
Flow rate of seawater m’/h 1-3101 Input
Flow rate of LNG m’/h 1-3101 Input
Temperature of inlet seawater °C 1-3101 Input
Temperature of outlet seawater °C 1-3101 Input / output
Temperature of LNG °C 1-3101 Input
Temperature of NG °C 1-3101 Input / output
Pressure of seawater MPa 1-3101 Input
Pressure of NG MPa 1-3101 Input
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(b) LSTM
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Set the initial condition of FNN
(Epoch: 500, Batch size: 250, Learning rate: 0.1,
Neurons: 100)

Set the initial condition of LSTM
(Epoch: 300. Batch size: 250, Learning rate: 0.1,

) L Hidden dimension: 10, Neurons: 50)

!

=: Data Preprocessing ===

\

' A
Search for number of hidden layers in the
initial condition

4 A
Search for number of LSTM layers in the

initial condition
7 . w

Total dataset load (3101 x 8)

|

|

!

1 3 1

Investigate number of neurons in each
hidden layers

N\ N
Investigate hidden dimension and number
of neurons in fully-connected layers

[ Normalize the dataset with ]

-
e o - - -

Min-Max normalization 1 P 1 1
1 1
1 1 : 4 A ' N
. . : 1 Look for batch size and learning rate Look for batch size and learning rate
Split the dataset into 5 folds : : L )L )
1
L HE - 1 N 1 N
: Identify number of epoch before Identify number of epoch before
: overfitting overfitting
\ v
1
, I I
: Finish: Finish:
1 Optimal FNN network Optimal LSTM network
1
1

Fig. 4. Flowchart of data preprocessing and hyperparameter tuning.
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Fig. 49] (a) 2.2 FNN 229 test MSE7} 714 2H& ke # %
o] ghoz A7gsielrt.
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Batch normalization layer

1

Batch normalization layer

'_% f_l_\
Flow rate of seawater (t=0) — ‘ e
Flow rate of LNG (t=-39) — ‘\
£ /)
/7 8 _’
Flow rate of LNG (t=0) — 4{ by i ““
ettt of . Wiy 1 -
emperature of inlet seawater (t =-39) ———> NW»" N — ‘Wi/’
0 I ( % "ﬂ ’
W »4[”,'%
AN\ /I
Temperature of inlet seawater (t =0) ——> — \‘VW // ‘ " Temperature of outlet seawater (t=1)
Temperature of outlet seawater (t=-39) ——— \\\’/‘/é/ /
. N .
"l'm Temperature of outlet seawater (t=5)
Temperature of outlet seawater (t=0) ——> o o i ‘;vw. ° .
Temperature of LNG (t =-39) —> “.' 1.\:;:’:“ Temperature of NG (t=1)
. . ),,“ “‘\‘\\\’\ . .
uw‘
. W
Temperature of LNG (t=0) ——* ///“ \\\\
Temperature of NG (t = -39) ———» L, / / \ \ - Temperature of NG (t = 5)
i /
) /] \! :
Ji®i\
Temperature of NG (t=0) —— — VZZIII “‘W‘V —
Pressure of seawater(t = -39) ——> / /l’l” "‘\\\\
/)
vl ANA WNam
B SVAN
Pressure of seawater (t =0) ——* \//% \
Pressure of NG(t = -39) —— /A
30 Neurons 30 Neurons

Pressure of NG (t=0)

Fig. 5. Structure of the suggested FNN network.
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Table 3. Dynamic modeling results of FNN, LSTM and AutoML according to five datasets

Number of datasets Network structure (L: LSTM layer, B: batch normalization layer) Number of parameters

Test MSE  Training time (s)

FNN 1 320(input)-30-B-30-B-10(output) 10,990 0.000315 117
2 320(input)-30-B-30-B-10(output) 10,990 0.000485 109
3 320(input)-30-B-30-B-10(output) 10,990 0.000263 111
4 320(input)-30-B-30-B-10(output) 10,990 0.000315 108
5 320(input)-30-B-30-B-10(output) 10,990 0.000624 111
Average 10,990 0.000400 111
LSTM 1 8(input)-4L-50-B-10(output) 1,068 0.000187 296
2 8(input)-4L-50-B-10(output) 1,068 0.000183 300
3 8(input)-4L-50-B-10(output) 1,068 0.000211 299
4 8(input)-4L-50-B-10(output) 1,068 0.000218 283
5 8(input)-4L-50-B-10(output) 1,068 0.000236 273
Average 1,068 0.000207 290
AutoML 1 320(input)-512-1024-10(output) 700,555 0.000254 20,012
2 320(input)-16-32-256-10(output) 17,339 0.000268 22316
3 320(input)-16-32-1024-10(output) 50,363 0.000168 6,317
4 320(input)-64-B-64-B-10(output) 26,507 0.000247 13,426
5 320(input)-256-32-64-10(output) 93,803 0.000253 7,918
Average 177,713 0.000238 13,998

shof 23 019)o], ol i 13,998%7F A~ Q F o] Bt
2dlQl LSTMREU} 488 o ZAIAITE, H <t test MSEE 0.000238

4. 3 o522 Ant

2 FNN gju] At 209031, T2 dlolE 9} 22 AlAIY HlolE
Zg)ol Aesk LSTM¥} 8] 523t Al 52 K.t} Table 30 FNN,
LSTM, AutoML?] #2 3 4l A58 eRYSit).

4-1. FNN, LSTM, AutoML ASH|w

Fig. 7¢Il FNN, LSTM, AutoML®]] th3} test MSE, training time-S-
=2 YERATE FNN, LSTM, AutoML2] 4 test MSE=
0.0004, 0.000207, 0.000238 2 LSTM-AutoML-FNN<=2] & o
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ai,fﬂ) : Input value to activation function of a m-th neuron in the
(k+1)-th layer
Wf,kzn : Weight of the conection between n-th neuron in the k-th
layer and m-th neuron in the (k+1)-th layer

quk) : Input value of a n-th neuron in the k-th layer
»® : Bias term of the k-th layer

JED . Number of neurons in (k+1)-th layer

X(,,f AR Output value of m-th neuron in the (k+1)-th layer
h(x)  : Activation fuction

h'(x)  :Identity fuction

Y : Output value of a neural network

L(W) : Cost function

o(x)  : Sigmoid function

x; : LNG flow rate of ORV in time i

n : Total operating time

Tgw  : Temperature of seawater

L(x) : Objective function

Fyn(%) : Output value of the prediction model
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