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2.3.10 LST™M
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hrkim

Cover Frequency Gain
0.4 variable

. atmitv

. EXT_ami.itv

. EXT_amp.itv

0.3 . EXT_downstream.itv
. EXT_speed.itv

. EXT_upstream.itv
B ey

024 . LP_temp.itv

. MP_cooling.itv

. MP_press.itv

B vr_topitv

B rebmity

. RV_press.itv

I‘IIII I I | e

0 Rv_tempt it
e 255

value

0.14

Mkt

0 r_tempaity
ity

variable

1% 31: XGBoost H4H =9 &

38



45 AAE 7~

gl
th A AE nd = B4 7|6ke] ARIMA Relat ey 7]8ke] LSTM %
7t BE 2 MIE d&5to] AA|E L 2§ 7Hsd-2 ghlshaitt.

AW ARIMA 222 ARIMA(0,1,1)2] MI o] &2 98 135190
U o5 Al ] 7ol wo] AR Ao AHg-st7] o= Fel 7t At £
A LSTM E o] MI of S2 do]§ 4 R0 2 {oJet g &4IsHA]
ZY O MISH FALRE BlofE At E

s & A%l ol & ute

o
l
rel
e
)
ofo
N
olr
ox
filo
Lo
r (o]
sk
P
%0,
32,
)

451 ARIMA 2d

T91320] W RO 2 ARIMA 28 o2& ek 207 Ho]e]
FH| GA oA 1333} Zro] -3 H MI T|o| Bl =

Qe SloL} Te oA WAL o] E FeioA] weels] 2
.2t A 5 MId| o] E] 2 Phillips-Perron unit root test[16] 444
S A B AAA] oJHE TAsEA T} p-value”} 0.05 o]5tE 8-9]
Sto] Yraw)tl o] ZA7F Eg st of Sl HlolH Y& & 4= A

T Jejm g8 BA

oflt
Bl

N
)
2
)

o
o|X

39 :



‘i dlolg £H] 2y A

ﬂ
o

- HlolE Wgo® WAk ‘ - ACF % PACF ¥4 ‘ A R RS
L 3} (AR AR A By A CRY HE A
A =& }—
- Z2}e] ACF/PACF ¢ HE BYo o 3
-' - 22} Pormanteau 7%
- gbake] waAIztS ol
713 32: ARIMA 2§ o= H'H
|
s}
o
s}
e
= o
@ |
-
o _|
.
~ |
~
T T T T
0 500 1000 1500
13 33: MI Hjo]E] Bx
Phillips-Perron Unit Root Test
data: Tdpe
Dickey-Fuller z(alpha) = -1304.7, Truncation lag parameter = 7, p-value = 0.01
alternative hypothesis: stationary
3 34: HJAMA Test A1}
o _.-"L,i Q
. ==
.1 .




S SAI9 B AL 915 AulolEl S o] g3 1359} ol
autocorrelation function(ACF)2} partial autocorrelation function(PACF) 1
HEZE T H QT ACF 1 24 A} o] 5 o]4fo]w PACF

ANME T2z of b ot Ry
o|H A= At RS AEd

2492 hA] A9

Series Idpe Series Idpe

10
L

ACF
Partial ACF

00 02 04 06 08
L L '
005 000 005 010 015

1% 35: Raw Data®] ACF, PACF

29369] 17 A2 Hold ez 24 A7} AuolEls} ge] ACF
T mel A AR Amto] T o]F hSo] 00 was) +ATS I 5

ES
Ao PACF Ik 002 $Hols FHiE 291D 4 At o1&

%

Sl 12 22 "ol E o] MA(D) 2elg HA1 4 Red= A= = 3l

Series diff(ldpe) Series diff(idpe)

° 1

1
AR LA AR A
“\ I I

ACF

Partial ACF

04 02 00 02 04 06 08 10
0

41



AAAZ kA AHE ARIMA(O,1,1) 32 23 o] A4S wedol
7] 95 B4 =L HAATtE =3 AT} likelihood, Akaike information

criterion(AICY= 12373} 29t o] A3} Agk Aty EMg ol4fo] 5

Q1517 kot ARIMA(.11) BH& 35 292 S4% 4 99l

summary(arima.test2_1)
Series: Idpe
ARIMA(0,1,1) with drift

Coefficients:
mal drift
-0.9878 0
s.e. 0.0074 O

sigma”2 = 0.009588: log likelihood = 1320.88
AlC=-2635.77 AlCc=-2635.75 BIC=-2619.91

Training set error measures:

ME RMSE  MAE MPE  MAPE MASE ACF1
Training set 0.0006614424 0.09781789 0.0770327 -0.006453842 0.9556297 0.7726539 0.1583568

a

o
W
3
ko
>
o
o
i,
i)

0 e 1000 1500

Tirm

ACF of Residuals

oD o6

P vl
08
PN )

3
b
4
i
i
H
f

42



ARAeto R A4 BES o] 83 887

% cll 22 At +57)
o gre =g Fake 1399 ok 14 AEL o §PODE 1461

A DS v Zolghs ol SsHA ot
Point Forecast Lo 80 Hi 80 Lo 95 Hi 95
1462 -7.668012e-03 -0.1331552 0.1178192 -0.1995841 0.1842481
1463 -1.578652e-05 -0.1764055 0.1763739 -0.2697805 0.2697490
1464 -1.578652e-05 -0.1764055 0.1763739 -0.2697805 0.2697490
1465 -1.578652e-05 -0.1764055 0.1763739 -0.2697805 0.2697490
1466 -1.578652e-05 -0.1764055 0.1763739 -0.2697805 0.2697490
19 39: oAf| S HAap(5A])
Forecasts from ARIMA(0,1,1) with drift
|
o
o
(48]
; -
= =
o |
~
@ |
-
~ |
-
I I I I
1300 1350 1400 1450

19 40: o A Z)

FZF 1d%H ARIMA 249 9] MI

A2 020 +0.18 H|= Zto

™ ol&

ASge] A= 5% L

MI 57 The] W9102)sh S A

oot A 57 MIC] Z4to] w9 217] w2 o] ARIMA Rdlo] y{2>

A7) F70E 23 9k 202 Bek



452 LSTM 2o

LSTM Hd FA of ohA &t meElgo] L& fo]E P& F
T+3} 5}t RNN 29 9] input layer shape2 122 2] A 5lo] 2417 744
02 ZA L= MIQ] 2447t Hlo| ]| & AF&SF 4 91 A 51911 hidden layer
&+ LSTM2 4 2J5t oh5< ShITHILT.

Normalized data by E[] and 50

050

025 1

000 1

—0.25 1

—0.50

Normalized #EXT ami

—0.75 A

=1.00 A

T T T T T T T
0 25000 50000 75000 100000 125000 150000 175000
Time

2% 41: Betekg e

Z13429] St<5 AT} training loss T H] validation loss7} &0] %] &

of shgso] AT WA ShoLeL & 4 G 1437 Zo] AL

B
=3
®.
=3
=
i)
é
A
=
el
S
=2
2
o
2
lo
e
24
H
st
ol
o
e
+
32
32
o)

) Al =S



History of training

0039 4
0038 1
0
3 00371
0036 4
— Training
oo3sd Validation

T T T T : ; .
o 50 100 150 200 250 300
Epoch

19 42: MI9] LSTM 2 9 sh5 A1}

Validation Results

T
350

400

04
0.2 1
Ll
0.0 A
|l it 'I |
=0.2
-0.4
— Origia
— Prediction
0.6 T T T T : . :

19 43: MIQ] LSTM 33k vs of| =7k

250 shgro] 2 AE A ekoke 7Hs Aol it whatA Yo e

= =
H & fAZd o sl FAH 02 BErlsste] MIt -GAFSH B3t

45

HT



AAIS] ElolE 7t 125l

=
oh. AMI= 574 HlolH 2 2

g
_Hl mlo
A
mlo N
2 »
o
o =
—
< E
R
2 of
B
o rul?
Iy
o>
5 o

P
N
1o
é
>
o
o
N
S
or
ol
el
A
offt
ne,
fn)
o

B %4 7]7ro] MIjH] 120

History of training

0.0018 1 = Training
“alidation

00016

00014 4

Loss

00012 A

00010 4

0.0008 - T

0 50 100 150 200 250 300 350 400
Epoch

12 44: AMIC] LSTM =gl 5+ Az}

46




All Results

06
== Origial

=== Pradiction
04

02

00

T T T T T T T
o 2500 5000 7500 10000 12500 13000 17500

712 45: AMIS] LSTM o &7} vs =7t

LSTM R &5 o]-§3F nlefigl o 52 Szt A5 o279 nj=f
HE ASche thSat 5ol BT JHssith 18y 9l A& g
LSTM t}3 o5 B[I8]2 o5 H&Lrt Dojzw dolel4=7t 57}
G55 A S0 Bagh st=go] AHYo] 7|stEsA o g F7totA Hot

47



EXT_ami [normed]

EXT_ami [normed]

EXT_ami [normed]

EXT_ami [normed]

-
o

-
e

©
[y

10
05
00

-0.5
-10
-15

|
5

EXT_ami [normed]

EXT_ami [normed]
&

-

o

—— Inputs
@ Labels

# Predictions
=
L]
, r ; : B ;
o 5 10 15 20 5
]
° T
5
e
5
Time [h]
. o] = =7
13 46: LSTM T o= 2
eo00%e
L] ® ®
YT LI e T T T T
.s-::'l ..l Bung
e © °e
—— Inputs
@ Labels ®
Predict:
8 Predictions °
0 10 20 30 40
e o °
..Ssitnztnngt-stn.ss-ll
& e® o ‘@ °
e °
°
T T T T T e
o 10 20 30 40
° °
]
° .
TEnsesasBaunlgalyungunas
° . °
° .®
o 0 20 30 40
Time [h]

1 47: LSMT % o= A1}

48




A S

)l

=1

)

t|o] €] 7]8Fe] LDPE MI of| =

el
e

N

0

gl 4

=
—

2 Ayt 25 72 ol XGboostol| A 7]

o

o
o
ol
Jjo
ze]
o
Np
<
o

Jo

oo
o

i
)

)

Aze)
o
J_,NO
Ho
o

gl
[y

dlolg e g FE AZEw dA2 2 o]y

A

g 7de 94

L

71el

]
Gk

dlolg AAE AA] & ot o]7] mdof Af

ol M1

o)

Y 1T 48

o7 24 23 1770

sto] 2 174, 12742

shels

et

)

547t a9

tof Zdlof Hhgstaint.

5

8

2,741 30.6%2 4

o% 37 292 39 R

weknh 2=y 57 diolH

Tod
g
<
N
g

mjm

o] Z}7} 45.5% 2 1.54]

4

49



o]Z(binary) Ho|¥] &7 2 55 gets| Hlws}]

AslA et ol g7 AR 8-S ol gt

rel
=
>
o
ol
=
30,
rlr
>
=
lo
<
e}
A
ox,
or
rlo
o

st 0.953, QAL

0.2700]% G202 2971 Po|H 2 &L S tju] AALo] Fe2
2

XGboost &2 A ]ctH A& 7] reference THH| FAFSHAL W2

= AT AIAD 242 o2 TR0 $4 dlolE glol MIgt wte s
B o] 7Hsat o] ek 4 ARIMA B4 0 2 A2 ¥ ARIMA(0,1,1)
2d g 7k o &80 01t of| Zgk 415 7H-0.20 -+0.18)0] MI A A A4

T FAFSE] Adolls ARE E7Hs R ool 2ink LSTM 22 of

50 A



glo]El7} S 5l

0.160.°.2 reference?l AMI2] 50%

=z
1

0] MAE 7]

3

J—o]— A

()
o

FAfolglon] 179k o] AMI H|o]E]

%ol % 514

o

Jo

7@ el 7}

SH
=1

ot B2 el XGBooste}

51



<qr
__o_l

K

o

1l

==
)

B
/!

=

bl 4

lojn] Folutt meof

.

°

stk ol

[¢)

o] %o

Al

Al
=

Adog

—

SF

S

Q.

shAr ol Aol

n|uto] 2] © ™, XGBoostE Al <]

[==3
o

=
or

Ho

5t

s
<= AMI

==

51

o

=

d]o]E] 2] SK(volume)
o, LDPE £-87|&2 7]

1

Q
%S

52

EEhey
]_

jH] Q3-8 715 A 206%

AA]



[1] Y and 2%, “Ax Y Q1= nF3tet Y AAR Issue Paper

2012-291,2012.

[2] I. Kadel, T. Herrmann, and M. Busch, “Modeling free radical ethylene
polymerization with multifunctional comonomers in tubular reactors:

influence on microstructural ldpe properties,” in Macromolecular Sym-
posia, vol. 324, pp. 67-77, Wiley Online Library, 2013.

[3] K. Yadav and R. Thareja, “Comparing the performance of naive bayes
and decision tree classification using 1,” International Journal of Intel-

ligent Systems and Applications, vol. 11, no. 12, p. 11, 2019.

[4] P. A. Jaskowiak, R. Campello, ef al., “Comparing correlation coeffi-
cients as dissimilarity measures for cancer classification in gene ex-
pression data,” in Proceedings of the Brazilian symposium on bioin-

formatics, pp. 1-8, Brasilia Brazil, 2011.

[5] A.J. Myles, R. N. Feudale, Y. Liu, N. A. Woody, and S. D. Brown,
“An introduction to decision tree modeling,” Journal of Chemomet-
rics: A Journal of the Chemometrics Society, vol. 18, no. 6, pp. 275-
285, 2004.

[6] Y. Freund, R. E. Schapire, et al., “Experiments with a new boosting
algorithm,” in icml, vol. 96, pp. 148-156, Citeseer, 1996.

[7] L. Breiman, “Random forests,” Machine learning, vol. 45, no. 1, pp. 5—
32,2001.

[8] C. Cortes and V. Vapnik, “Support-vector networks,” Machine learn-
ing, vol. 20, no. 3, pp. 273-297, 1995.

[9] T. Chen and C. Guestrin, “Xgboost: A scalable tree boosting system,”
in Proceedings of the 22nd acm sigkdd international conference on

knowledge discovery and data mining, pp. 785-794, 2016.

53



[10] W.site: https://otexts.com/fpp3/arima.html, “Forecasting:Principles
and Practice”. Chapter9 ARIMA models, ”Accessed 24Septem-
ber2022”.

[11] W.site: https://colah.github.io/posts/2015-08-Understanding-LSTMs/.
”Understanding LSTM Networks”, ”Accessed 24September2022”.

[12] D. M. Powers, “Evaluation: from precision, recall and f-measure
to roc, informedness, markedness and correlation,” arXiv preprint
arXiv:2010.16061, 2020.

[13] T. Chen and C. Guestrin, “Xgboost: A scalable tree boosting system,”
in Proceedings of the 22nd acm sigkdd international conference on

knowledge discovery and data mining, pp. 785-794, 2016.

[14] W.site: https://www.r-bloggers.com/2022/01/using-bayesian-
optimisation-to-tune-a-xgboost-model-in-r/. ”Using bayesian
optimisation to tune a XGBOOST model in R”,’Accessed 24Septem-
ber2022”.

[15] W.site: https://gist.github.com/JunmoNam/a87f107d064178956e614f9940c55b92.
”JunmoNam/xgboost.r”, ”Accessed 24September2022”.

[16] P. C. Phillips and P. Perron, “Testing for a unit root in time series re-
gression,” Biometrika, vol. 75, no. 2, pp. 335-346, 1988.

[17] S. Hochreiter and J. Schmidhuber, Long short-term memory. Neural
Computation, 1997.

[18] W.site: https://www.tensorflow.org/tutorials/structured_data/time_series ?hl=en.

”Time series forecasting”, ”Accessed 24September2022”.

[19] B.-Y. Lee, “=j ] 252t 71e/NE 5 AL Informa-

tion and Communications Magazine, vol. 33, no. 4, pp. 10-16, 2016.

54



Abstract

LDPE melt flow index prediction
study based on machine learning
model

Hangrae Kim
Graduate School of Practical Engineering

Seoul National University

Low density polyethylene melt index control is executed by the operator de-
termining the management direction based on the process sample analysis
result and reflecting it to the process operating conditions. However, in the
time period when there is no sample analysis, the operator predicts and ad-
justs the melt index by referring to the inter-process melt index measurement
value after analyzing the process situation, and as a result, the distribution of
physical properties of the entire product is determined accordingly. In this
study, a melt index prediction study based on a machine learning model us-
ing process data unrelated to proficiency was conducted to improve product
quality deviations caused by operator proficiency.

The temperature and pressure data collected in the process were used
as independent variables, and the melt index analyzed and recorded in the

laboratory was preprocessed in two forms, continuous and discrete, respec-

55



tively, to be used in prediction and classification models. The predictive per-
formance of multiple regression analysis using continuous data is based on
R2, RMSE, and MAE as evaluation indicators, and classification models
such as XGBoost using discrete data use accuracy, precision, and recall as
evaluation indicators. The performance improvement rate compared to the
simple melt index analyzer was compared. In addition, the possibility of us-
ing deep learning technology was verified by predicting the melt index with
time series analysis tools of ARIMA and LSTM.

This study has verified the usefulness of prediction, classification, and
time-series methodologies in representative petrochemical processes, and is
meaningful in presenting machine learning methodologies for various petro-

chemical processes that consider melt index as a major property.

Keywords : LDPE, machine learning, melt index, prediction of properties,
quality management
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