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Abstract — This study developed a software platform using machine learning of artificial intelligence to optimize the
distillation column system. The distillation column is representative and core process in the petrochemical industry.
Process stabilization is difficult due to various operating conditions and continuous process characteristics, and differences
in process efficiency occur depending on operator skill. The process control based on the theoretical simulation was used
to overcome this problem, but it has a limitation which it can’t apply to complex processes and real-time systems. This
study aims to develop an empirical simulation model based on machine learning and to suggest an optimal process operation
method. The development of empirical simulations involves collecting big data from the actual process, feature extraction
through data mining, and representative algorithm for the chemical process. Finally, the platform for the distillation
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column was developed with verification through a developed model and field tests. Through the developed platform, it
is possible to predict the operating parameters and provided optimal operating conditions to achieve efficient process
control. This study is the basic study applying the artificial intelligence machine learning technique for the chemical
process. After application on a wide variety of processes and it can be utilized to the cornerstone of the smart factory of

the industry 4.0.
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Fig. 1. Paradigm of machine learning programming.
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Fig. 2. The architecture of the machine learning system for distillation column.

A M3 vlele] 4] o] ol Aok dk. ATt Fato] 2]

£ 9)9] S lolE1E viAle el 41§ b5 dlolel 2 A8
BHTHo). 58 57 0 2 4B S Hush] 915kl Hlole] 1Aje)
7FolizolAol spul, 399 B matael 48] gherha <)
o] & A A Bho 7 =g zke- 3 9 o wh} A A s

2-2-3. B 8k HphH Ay

Sk dAlell A A= 3L Aatsl | dlolHE E8sto] Al 5
of 288 sk o] o] Foixitt. Maledo] 488 A4
25 70e] Fig. 28} 2ol A QI o] WAl s A
Ao 2 dole e} o] A Fate] A dlolshe AR 27
o] T Bl dgke mdl dAo] o] Fojxof s}, TR &
32 7 AlREe] sl wet dlolE 7t R E R AA|

< WAl 2957 whtel A E8kEe] él

Jo] &9— EE} ok fAAA e o

sL
 do

N
ML ol
X
Lt o
g,

s
23t AR

5 AAslal FAQ F5ol = A3} v
uo 2 A3l g5 dgsh, olu Z+zhe] w7 <4=(Ephochs,
Bathsize, Learning rate)$} RF5 7| Ak (iteration)'s-3F0] =2 8F50]
o]Folxit}, ofuj, wi7=2] 7FEA] 2] Yulo]| EE Fste] RE9
‘dso] FFETH11-13].

4
A97h wAE R [14], ol H T FALE 1A A
Falol 912 5= Uk kA mAREL olEl S FA% 2
7HL 11 3 o] 717l

(

o &
2]
o
X
s
1

N

ot fo
o Mo

ﬁ?‘
il
i)
[o

F ot
L)
ol
ol

ne R

o H
ok
it

gl = g

2

(<0
ﬂF
ki
Nl
o rﬂ

s o]of e}, w3t B lo] w2 3 overfitting)©] o
(underfitting) 2.2 QI8to] YU E=7} 7ha & A9 A4 go] B}

Korean Chem. Eng. Res., Vol. 58, No. 4, November, 2020



5ot7] el dutsl des SUiA
o7 JAFE vr] flste] BElo] Estal Gl sl E 2 ¢
= 1A A o) 7hssk, AlF-A o2 v ETEF] A,
7F5A] 1Al (weight regularization), =&° - (dropout)] W 0]
EATTHS].

g X
5
;_E
o
i)
to
_O|L
o
)
o
1A

k%)

2-3. HAlEd Y S M2 o

2-3-1. AR} IE] o] 2 7t

kA N waled RS AA 3ol A8317] flste] AREA)
QIEjFo| A 7o) F aslct. HAaled A7) ofdtleke A
g3 = Sle w4-dlolg-Rd 1t gRlo] 7lest ZHE HE 2
TZ o] QFEU15-18]. /e T 73 AR R E
tlo|ElE e 02 FRI7bs3sk, AlEE ool Q5 & 7]
A1 A W Ale] 2#o] golstofofdtt{19-21]. Fig. 3 H
Al 7|RE Z2E A AR 7] & QI Ho] AE YER AL QU
A I E =S B Egeta glow At AlEdleld &
&2 A7 Overview, Process trend, Optimization, Controller simulation
B0 = A E] it

1. Overview

;

=

1.1 System PFD (Process flow diagram)
1.2 Real time data collection

1.3 Key operating conditions

1.4 Recommendations

2. Process trend

2.1 Trend display of data
2.2 Key operating conditions
2.3 Recommendations

2.4 Estimated composition

3. Optimization

3.1 Composition prediction

3.1.1 Al-model (Artificial Intelligence model)
3.1.2 MLR-model (Multiple Linear regression model)
3.2 Optimization plan

3.2.1 Maximization of profits

3.2.2 Minimization of utilities

3.3 Specifications

3.3.1. Total production target

3.3.2. Load ratio and feed rate(Max, Min)
3.3.3. Product composition

3.4 Cost data

3.4.1. Output
3.4.2. Input

4. Controller simulation
4.1 Precess model
4.1.1. Process type
4.1.2. Process gain
4.1.3. Dead time

Korean Chem. Eng. Res., Vol. 58, No. 4, November, 2020

4.1.3. Time constant

4.2 Controller simulation
4.2.1. Control algorithm
4.3. Simulation settings
4.3.1. Simulation time
4.3.2. Set point change
4.3.3. Load change
4.3.3. Noise level

2-4. HAl2d 7[dt ESE 714
2-4-1. Overview

e}
3
[e]
[¢]
]
=
Q
=
=%
it
o
ol
ol
9
>
[
o
-
o,
=)
=
o
e
oX
o,
)
it

7N glsto] Q@2 o 7 g go] £xsta Hrlsks HlolE 9
T 9 RS wEE = glom, & SA ol wet 2323 A)zE
(Sample time)= W 3}A]| A AAZF 6] 0] B (Real time data collection)E
TAE  Qloh 53 AA| R EHE vlolEE Fote] d5d o

-7 271 (Key operating conditions)¥} 53 #k(Recommendations)

-
& 2L AN R BEte] FYAA 5YE 97 olaE 5
ol RS TASIt

2-4-2. Process trend

Fig. 3(b)e] &7 5Al(Process trend) §lollX = AREA7| A &
BEA A Fo AF 5ol shrel serksete] S8 Wt
(recommendations) ¥} 5= 2.7 %71 (Key operating conditions)<
18t 4= Qlr}, o] F W u)i= dl A 3}(Optimization) 2 A&
o] A 7 EE(Controller simulation) $3} I A|5}e] 2|44 07
KUE]Ro] o] Fo] X},

2-4-3. Optimization

Fig. 3(c)2] 34 3K(Optimization) FllX+= A dlo|ElE &
gato] mEl H A g} o] Fo] Tt AFE A}/ 8H5 B E (Learning
mode)$} ¢S5 = (Prediction mode)E A Bslo] Waled mdl 4=
o] A=, T3 8] 7] (Multiple Linear regression)2] -2
712 AF A1 WL Ho] XA (Bayesian analysis)” ] 0.5
e Ay 2y v witAS gate] Hoh A s B H A
s}7} o] Foj X}, Hgk &A% o] ) H o)) $H(Maximization of
profits) % %] % 43} (Minimization of utilities)E &3] &3
Q1 74 A4 (Total production target), ¢ &35 %(Load ratio
and feed rate), A|3&7-J (Product composition)= &3+ H]-&-H|°] €

(Cost data)2] #4317} 7Fs53c}.

2-4-4. Controller simulation
Fig. 3(d)2] AlE# o] ZZH(Controller simulation) 5 | 4= 7l
Fel Bello A 3 A Alojgke] AAl 37 A8 Al H3E ghel
ks SRAIREY] HA 3L o] ol okA Vit E 3te)
Aol 292 nAgt 227 FAME 3 -] & wigk v
LAl o] Mg = Sl o]2lsk eAkE HAsle| flste] 54
Aofel vl A, v]E#]o17]5 (Proportional Integral Differentia)
o] &&E et &gk T 5ol et 27 vhEA A EE i
%k W 3k(Setpoint change), F-51'H 3} (Load change), =8 (Noise

19

ool b o



THEE A% vl 7R 29E A 569
W7 Mainwindow - o x

[—Overview \/Process Trends\/Onlimization \/ Conlroller Simulation\

N-BUTANE SPLITTER UNIT

BTM Pressure Kg/cm2g 77 7.66
>4 Cond. Temp. DegC 24.67 24.67
Top Temp. DegC 58.42 58.14
#19 Temp. DegC 68.46 67.72
#50 Temp. DegC 70.59 7nas
B #64 Temp. DegC ns 71.82
DFIC1063A BTM Temp. DegC 78.1 77.33
A [ " 2500.8 DFIC1065 & 1—7 2802.3] Recommendations
B[ 2800.0] I Bl ] Target Production Kg/h 2800.0 2800.0
Feed Ka/h 6657.6 5591.6
Steam Kg/h 4651.4 3498.7
DFIC1062 DFIC1066
a[ 2146.1] &
B EA1488 B 34987
EAWTA EAl47 "—. Mixed C4 Product
N-C4 Product
(a) Overview
3 Mainwindow = X
/—_Overview \/Process Trends\/Optimization '/ Controller Simulation\
| Uedate Trends |
Key Operating Conditions
Feed Kg/h | EJDFIC1060 [J DFIC1060A
Product(N-Butane) Kg/h | CIDFICI063 [ DFIC1063A 17500
Product(M-Butane) Kg/h | CJDEIC1065 [m]
Reflux Kg/h [J DFAC1061 [ DFIC1061A
Steam Kg/h | BpACIR | pACIGE 15000
Reflux Ratio(R/F) ratio | CIDAMLBEF |[]DAL4IA REE
Top Pressure Kg/cm2g| CJDPICI0BI | (] DPICI0GIA
BTM Pressure Kg/cm2g| [JDPLI0G3 [ DPIIO3A
Cond. Temp. DegC | &DTI084 o 12500
Top Temp. DegC | (JDTI063 [ DTI1063A
#19 Temp. Deg.C | [4DTIC1068 [J DTIC1068A —— DFIC1060.PV
#50 Temp. Deg.C [ DT11069 [J DT110694 10000 ~—— DFIC1062.PV |
#64 Temp. DegC | [JpTCI1070 [ DTIC10704 —— DTI1064.PV
BTM Temp. Dea.C DTIOS DTI0R2A —— DTIC1068.PV
Rl R;:im “Sw D— —— DFIC1063.REC
m ons 7500 t T —— DFIC1061.REC
Target Production Kg/h | BI-DFICI063 | (] T-DFICI063A
Feed Kg/h 4 I-DFIC1061 O I-DFIC1061A
Steam Kg/h [J T-DFIC1062 [J T-DFIC1066
5000
2500
0
12-02 03 12-02 04 12-02 05 12-02 06 12-02 07
(b) Process trend
Fig. 3. Machine learning-based platform for distillation column.
Z ) O T=3 o L= o 2~
level)ell whe} # 2 €] Allo] W& =Ee 5 Sl AAREA, TS Felste] AHTE(99 wi%) o) de] Al A

Areh= 34 A AElo]th(Fig. 4). 78%He] SHH o2 FAE o] 91

3. HAlRY == 22 Auaas) AFRAR T T F TFEE TP

Z wuhiEle] 937 A7) theksled (* El 60~80 wt.%), A=

31. 28 2(96~98 wt.%) & 27 M3} sl §82 $-do] ofHu)
B aAgte] tit 3L Af3kehabe] o) 71 7] o) a1 dukA Q) upeba] Qg Al £ SJsked WAl % 53t 2|53} Al AH0]

Korean Chem. Eng. Res., Vol. 58, No. 4, November, 2020



570 eFd - Ay - =AY - 2

&7 MainWindow - o X
[—Overview \/Process Trends \/ Oplimization'/ Controller Simufation\
Composition Prediction Optimization Plan
@© Al Model © Maximization of Profits
O Leaming Mode @® Prediction Mode
O Minimization of Uit
Py em——
siecilications [ ndata Condttans |
Total NC4 Target | 5600
O MLR Model W DA141 /DA141ALoadRatio [[ 1.0
ofcioes [ 3000]
DFIC1063A
DFIC1063
M-8 | priciosas
Broduet NC4
Comeosllion | . qics [ 0]
Cost Data
0 N-C4 I )
mixed IC4
Feed Source #1
Input | Feed Source #2
Steam I
(c) Optimization
B3 Mainwindow X
/___Overview _\/Process Trends \/ Optimization\/ Controller Simulation\
Process Model
—
When OP goes Up, PV goes Up v — SP
PROCESS TYPE |[Firstorder — +] 57 =
Dead | 45
Time Ci | B -
Danping Factor [—
" " 55
Controller Simulation
Control Algorithm | [PI-D ] {/
54
L
v [[[10]|[seconds Y]
LI | —) 53 A
Sifilation Set -
Simulation Time | Minutes
Setpoint Change | % o
LoadChange | [ 0] %
Noise Level | %
50
Pvspan  [[ 0] ~ 0 100 200 300 400 500 600
oPspan [[__0] ~ Time(seconds)
Initial Pv: [ 50| mnitaloP: [ 50|

(d) Controller simulation

Fig. 3. Continued

Korean Chem. Eng. Res., Vol. 58, No. 4, November, 2020

2 ﬂ?"ﬂ’q ket TFE U == dISHHES 7]Ee] do

£ shgote] JASAAEES SEA7]AL o w A
Sl “% Z-g3to] A EF L Evo]HE S5t o]wf AJ~F]
AAE dlolE 8] Al 27 A 7] wf<oll RNN(Recurrent Neural



n-C4 content
= 60~80 %

Feedstock1
Feedstock2

n-C4 content
= 96~98%

Mixed
Butane

Tank

Fig. 4. Schematic diagram of the distillation column.

Network) S 2-§-3F0] 7] st 79wy E—X'H(Vamshmg Gradient
T At uhebA
LSTM(Long Short-Term Memory)= 7|REO. & #-Xo] o] FojFl ),
LSTM-2 Hidden Layer$} Input Gate, Output Gate, Forget Gate 2]
AI7HEA APl ER 8% WZE] E5C0F Cells A3t #lL4d
EAZ 49 duE(8, 12,2210/t AR 2l Ao s
g-sto] 3= Gl o

Problem) 2 0 & Ql3te] el HF7} 7ha

3 E 90?1 Python”] RS TensorFlows ©]-&
Keras H21'd glo]Hele]E AREaIoiTH6,23]. 1 W HAE
H= AR 3749 dFLE0xY 13] A7hHolE & o] &3t

Storage

571
Condenser
Top
Product
C3,i-C4
________ Reflux
n-C4
Bottom
@ Product c5

WA Fig 59F o] UERRETE 1% 0.9519] 4 259} RMSE :
0.054 PR A5 RElo] H 43t H9let. A3tke] 218, 2/129 A
Aol A tha A gk} o = gkl 2o)7h 7 k=) o) 8

Akt AbR T ol e A=

35 HlolE &

e/t 2

rul‘ kN Fl

7
SRS, ol
o3&tk Bk
o]
o] 4. 22 H E°|

o g ow A 35}8k4= Adam optimizer, /3 3}8H= Sigmoid2}t

Tanh7} AREE SITH24].
3-3. A}
Fabe) L2 S o] f30] o=H 64t 259} Al %

72

Temperature {°C)
~
[y
wv

71

70.5

70

2/5 2/6 2/7

Fig. 5. Comparison of prediction results and operation data.

o)
Hopo] Qs AR F7h 3

] v o] o] oA 7] wlefl A

——Prediction results

—Operation data

2/8 2/9 2/10 2/11 2/12
Time (Day)

Sthel MHolE o] AluA] &

o=

ofrt. o3 waledo] A8 AA AlEwe] A7 HolE]
oy ol w=A 28

7l I A5 5 Sl HlolE} to] whe
92 male] B0z 3714
& ulgo 3§ dlo]

Korean Chem. Eng. Res., Vol. 58, No. 4, November, 2020



12

572 oA A A - F

7}—45} T3 A B o AdishA B A o |
A= 7Fs 8] wiitel thekdt ool 28 ¥ 3t

ﬂl il 1 d Wrﬂ"’ A ok 1 Haled 7o) 285 3l
nu|Ekth, B Aol A= A
SIZE o] ZUES NIl
| 2]-g-8te] A 24 dlolel g} vl w7t
L2 7SS Skl Ale] -4

StRiA BAE = e FE HA3 2  9lo HolHE Vte R
g 7S Seto] B aA dorelol= | S FH A s 2
& Aolet ArtEnh, w3, ZAIgS Foto] g 3 et
o] A1 wehert dlelE = AR 7] el 2RARE B8]l ¥
g #go] 71%6}@. A RE A Al o] d BEl o] o]
A ok JJr éﬂk’ﬂ th3t 5ol &7kl wiell @77t

ol2 a5k $1stel 7 BHBHE vt

7) 918 371211 HIC’]H#%J oL ARe) s 320307
Tk Lo} ke vldlel waled el gl ezl
WA} e EES] Bl o] Fojrih o HEH A
2 EEshs APANE ZIHF 5 ek ATHOE ¥ AT v
el 712 S e el A8 72T o) F hke 34
A gato] 47} A1R19) F419) Ave #izzlo] 240] Ho] de] 2
89 5 9l Zlolet Bkt

H = AR QAN sFEAke] %
3= §3t AnlE Al x2F Al S33E 7% 71E(1/2) (Kitech-JH-

Reference

1. Na, J. G and Lee, U., “Research Trends and Application Examples
of Process Optimization Methodology Using Machine Learning;
NICE (News & Information for Chemical Engineers), 36(1), 4-8
(2018).

2. Cho, Y. S., “A Study on the Machine Learning and Computational
Analysis for Injury Prediction of Traffic Accident Hanyang uni-
versity, GRADUATE SCHOOL(2018).

3. Cui, Y., Matsubara, T. and Sugimoto, K., “Kernel Dynamic Policy
Programming: Applicable Reinforcement Learning to Robot
Systems with High Dimensional States; Neural Networks, 94,
13-23(2017).

4. Song, Y. E., Moon, A. K., An, S. Y. and Jung, H. Y., “Prediction
of Smart Greenhouse Temperature-Humidity Based on Multi
Dimensional LSTMS, J. Korean Soc. Precis. Eng., 36(3), 239-
246(2019).

5. Lee, D. H,, Lim, M. K., Park, H. S. and Kim, J. H., “LSTM
RNN-based Korean Speech Recognition System Using CTC”,
Journal of Digital Contents Society, 18(1), 93-99(2017).

6. Song, J. H., “RNN Based Temperature Prediction Method for
Improving Accuracy of Forecasting Temperature; M. S, Depart-
ment of Software Convergence(2018).

7. Oh, K. C., Euh, S. H., Oh, J. H. and Kim, D. H., “Simulation

Korean Chem. Eng. Res., Vol. 58, No. 4, November, 2020

. BkE e

1 -

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

. Frangois, C., “Deep learning with Python,
. Oh, S. M,, Lee, D. S., Kim, J. S. and Park, J. H., “A Study on Sta-

&2 - e

and Model Validation of Combustion in a Wood Pellet Boiler
Using Computational Fluid Dynamics, Journal of Energy Engi-
neering, 23(3), 213-220(2014).

(2017).

ble Response of the CNN-Based Monitoring Applications Through
Virtualized Platforni; Journal of Digital Contents Society, 20(12),
2525-2533(2019).

Hope, T., Resheft, Y. S. and Lieder, 1., “Learning Tensorflow: A
Guide to Building Deep Learning Systems; O'Reilly Media(2017).
Muller, A. C. and Guido, S., “Introduction to Machine Learning
with Python: a Guide for Data Scientists; O'Reilly Media(2017).
Ariga, M., Nakayama, S., Nishibayasi, D., “Machine Learning at
Work? O’Reilly Media(2018).

Kim, S. Y. and Jung, Y. J., “First Learning Machine Learning;
Hanbit Media(2017).

Seo, T. H.,, Byun, M. K. and Lee, H. S., “Development of Web Con-
tent Similarity Search Platform using Blockchai
Digital Contents Society, 21(1), 165-172(2020).
Park, K. S., Hwang, K. S. and Lee, K. M., “Model Pattern Extraction
and Visualization for Deep Learning Modeling, Journal of
Korean Institute of Intelligent Systems, 29(1), 23-29(2019).

Jo, Y. H. and Seo E. G, “Building a Digital Repository Platform
for Academic Department Records, Journal of Korean Society
of Archives and Records Management, 16(3), 209-233(2016).
Jin, J. H., “Development of a Test Platform for Variable Speed
Control Moment Gyroscopes, Journal of Korean Soc. of Mechan-
ical Technology, 16(3), 1447-1453(2014).

Liu, X., Ounifi, H. A., Gherbi, A., Lemieux, Y., and Li, W., “A Hybrid
GPU-FPGA-based Computing Platform for Machine Learning’
Procedia Computer Science, 141, 104-111(2018).

Kim, M. H. and Joo, S. C., “Construction of CORBA Object -
Group Platform for Distributed Real - Time Service, Journal of
KIISE : Computing Practices and Letters, 7(6), 602-613(2001).
Kim, J., Lim, W., Lee, Y., Kim, S., Park, S. R., Suh, S. K. and
Moon, 1., “Development of Corrosion Control Document Database
System in Crude Distillation Unit)’ Industrial & Engineering
Chemistry Research, S0(13), 8272-8277(2011).

Lee, K. M., Yoo, J., Kim, S. W., Lee, J. H. and Hong, J., “Auto-
nomic Machine Learning Platform} International Journal of Infor-
mation Management, 49, 491-501(2019).

Chang, Z., Zhang, Y. and Chen, W., “Electricity Price Predic-
tion Based on Hybrid Model of Adam Optimized LSTM Neural
Network and Wavelet Transform Energy, 187, 115804(2019).
Keshavarzian, A., Sharifian, S. and Seyedin, S., “Modified Deep
Residual Network Architecture Deployed on Serverless Framework
of IoT Platform Based on Human Activity Recognition Applica-
tion) Future Generation Computer Systems, 101, 14-28(2019).
Zhao, H., Liu, F., Zhang, H. and Liang, Z., “Research on a
Learning Rate with Energy Index in Deep Learning, Neural Net-
works, 110, 225-231(2019).

Seul, M. S., “Current Status and Future Developments of Machine
Learning Attificial Intelligence in Law Focusing the Cusp of
Machine Learning in U.S. and Discourses over Legal Profession
and Law School Education] The Justice, 10, 269-302(2016).

n, Journal of



