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Abstract — Valves play an essential role in a chemical plant such as regulating fluid flow and pressure. Therefore,
optimal selection of the valve size and type is essential task. Valve size and type have been selected based on theoretical
formulas about calculating valve sizing coefficient (C,). However, this approach has limitations such as requiring expert
knowledge and consuming substantial time and costs. Herein, this study developed a model for predicting valve sizes
and types using machine learning. We developed models using four algorithms: ANN, Random Forest, XGBoost, and
Catboost and model performances were evaluated using NRMSE & R? score for size prediction and F1 score for type
prediction. Additionally, a case study was conducted to explore the impact of phases on valve selection, using four
datasets: total fluids, liquids, gases, and steam. As a result of the study, for valve size prediction, total fluid, liquid, and gas
dataset demonstrated the best performance with Catboost (Based on R, total: 0.99216, liquid: 0.98602, gas: 0.99300.
Based on NRMSE, total: 0.04072, liquid: 0.04886, gas: 0.03619) and steam dataset showed the best performance with
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RandomForest (R?: 0.99028, NRMSE: 0.03493). For valve type prediction, Catboost outperformed all datasets with the
highest F1 scores (total: 0.95766, liquids: 0.96264, gases: 0.95770, steam: 1.0000). In Engineering Procurement Construction
industry, the proposed fluid-specific machine learning-based model is expected to guide the selection of suitable valves
based on given process conditions and facilitate faster decision-making.
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Table 1. Lists of input variables and output variables

Input Variable

Volumetric Flow Rate Nm’/h
Mass Flow Rate tonne/h
Inlet Pressure kg/em’g
Pressure Change kg/cm?
Inlet Temperature °C
Inlet fluid density kg/m?
Dynamic Viscosity cP
Vapor Pressure kg/em?a
M/GgM
Specific heats ratio
Design Temperature °C
Design Pressure kg/em’g
Line in Inch
Line Out Inch
Process Fluid Liquid, Gas, Steam

Output Variable
Sizing Coefficient
Size Inch
Body Style Globe, Angle, Ball, Butterfly
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Fig. 6. Schematic illustration of Decision Tree model.
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Fig. 8. Schematic illustration of Boosting Algorithm.

=7k WhET}, XGBooste] HA @ the-e] 2] ()= B}
. n n !
obj"’ = 3 1(y,, (1) Yoy @)
i =1
~ t A
»o = ka(xz) = YD +f(x) (5)
k=1

A e Mg nllold, t= 2 WAl Boosting I A &
gttt i(y,y0) & 24k ol o(f)e 4irsk srolth =
A ko™ P 1= ¢ WA Boosting?] o|Zzkolth. 30 = 2] (5)
o} o] AXTE Y xi= oS5 S, fi)E oS tiPdel oish <
£ 9Jujgit}.

2-4. CatBoost
XGBoost®} FFzH7FA] 2 CatBoosti= D RFA] ] Gradient Boosting
dyElERT Hold Aeg Bl 7 olth. CatBoost ¢1LE]
S8 A A o2 e 1] AFE A% WrE Adsta 4=
A5 AT g 7)ol of2] Mg7E EAE dEeM w2 AE s
t}h. THE Boosting 71" #H2] A Q1 2PH A2 E/-2] Decision
Tree 73 21l it
CatBoost= 715t A W 9]of wje} F=oi 7l tlolel & gxtslst
2+2 dlolg] NER a3}, oFxlslet 243 (float) S 7
Y (int) HTFE 1T 21 du]ahy darg]F A2 £kef 719
to}, o] oFA)s) 23t "o Efi= 5 Decision Tree 7-35 2735}
o] ARt o] wf ARE-E F& 7]5F-S Decision Tree '250] &
P70 w g8kl Wk HlolE AEE Treel] HHR] leaf=
283k}, o] 23t Decision TreeS Bootstrap Y1125 0.2 F219]
ol NEZS A5 ti 7511 H]E E<=(cost function)S 4
L3l 7P 22 )8 7S 7= Trees ARESHCE. o] w2 v]&- 3
T L2 Aars} Spell 71Nkttt

bl Sy R
o
=]

L2 = _zwi(ai_gi)z ©)

wiz 7V, gz @4k 429 71-87](Gradient), 18] 1L o= A

ke v g,



Al s ol ge

Tree®] Aol ARS-H= L2 Aafs} S thadt 2ot

S(a.g) = -Swla-g)’ = ¥ wia-g) + ¥ wiar-g)’]

' ' )
leaf?] 53+ 7]70] co1n4 = A dlolEl o] Qe ji= B4 W
Z29] Qlelo] St x iz | Aese] i wlejele] j 54 W

o j
T #ole 71 el 22 %]5‘—? leaf®] A kS a;, T 2LE% leaf
o AFHE a2t St
# 4 2] Decision Treet= a; 7 az2] 7} B & E3ll Lozt
F 78 71 E1f(Weighted average)yS 761 thaa} ).
- _ Zl 7 <c lgl

a, = —"—— 8
t Zi:x,_,ScWi ( )

1:X; ,>¢C lgl
aR ) ZZI:X,_PCWI (9)
4 (@l (7 FA Qo= (7)) Haghe thE qre) Aol
Hold o eIk A (8), (9)F ol &l did TS RS, ¢
= q__ Al (10)9]— 7lo] T=3 o]q_
S owtapt Y w,-) (10)

ix;,<c iix;;>c¢

I —
Jj,c = argmax/,c(aL*

2] (6)~(10):= Decision Tree2] Zlo]7} 1S 7] 0.2 sh, o]
7} Z7FPE (11)~(13)S 2-8-81A ©ch.

S(a,g) = Z S(a(/sgz_/) (1)
Ifeleaf

f: C* = argmax/‘,c(s(lﬁ,) +S(1ﬁ€)_s(1ﬁvefore split)) (12)

S(a,g) = Y. SUf) (13)
Ifeleaf

21 (1) Bt leafell tish 0]g- §22] §ho] 2% n]§ &7}

HE ou]sitt (12)2 leaf’| 2] == 71529 tree 40| 7l
w2} A E+= A2 eI CatBoostel] 23] A E+= Tree:= ]
HA0)7] wio] (1) (13)&2 7Hasle 5= vt

2.5, 29 JHe 2
o A4 ANN, Random Forest, XGBoost, CatBoostS 4 &

Table 2. Hardware and software environment of model development

Hardware Environment

CPU ’th Gen Intel(R) Core(TM) i7-12700, 2100 Mhz,
12 Cores, 20 Locical processors
oS Microsoft Windows 11 Home, 10.0.22621 Build 22621
RAM 32GB
GPU NVIDIA GeForce RTX 3060
Software Environment
Python 3.9.16v
Tensorflow 2.10.1v
cudatoolkit 11.2.2v
cudnn 8.1.0.77v
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Catboost 1.2v

v Ao]= 2 EF of

= 7 219

N

slod WH o] Afo] =9} {5 oS RalS dshs Y-S Fs Tt
AA| SF=gllo] #1792 Table 29} 72T}

26. 29 SjolHIRIIE S
sfolsl sfebul ) shre] ol ule} 2Ee QukEel o)
olE| 2} D) AREA} Ao A7) W] Sl Jakg

;g

F

O

A
ol wlgju|E| 2 Wit} Quka 0 2 slolwulen]El= o= Al
ﬁ} Fhf 2] gk WIZkE 5 mEle] Aol 2 9akS u]x]7] u

ol st stolHaetn|E o] o] FQsit.

2 AFel M= 181 = BA(Grid Search) 7S 423510 3}o]
Huletn|El S T3t o] wl, ANN glojof 7|52} glojo] *d
LENGFE 7Y ORI Tree AlE 252 Treed] 715
o} Hj zlol& o= Fdsigitt. galleh= 1E|=e] 12 &
g2 S Fal Yaizlor dA vlolE MEC dial] FHst
mdlo] F9 A .1:17]—x]_u_(3,;]4] RZ CR= Fl)—‘ 71F0 7 A
sto|H getnel & gttt

e A3k ANNS 3702] Hidden Layerell 22} 200, 100, 1007H<]
7t e Bdo] A4 E A 0H Tree AlE B o) Zlo]= 3
Q1 el el A CatBoost2} XGBoosti= 30071 2] tree, Random Forest=
3507H9] treeE 7FA= EElo] H 12 Ad5& AT kA,
£ ATelM = e stelH e & 285 RAES 7]Eo R
HEFAR 2al A5 HrHE 218kt

3. 21} ¥ nE

3-1. 22 "y}

AA, BA, 71A], 25 2] 47) vjolH AEe] st B A5 F7h=
Scikit-learn®] RepeatedKFoldE ©]-&-3F 10001 2] A% Ay} o] S+t
¥} %7 WA Sl AW E Q) o= vlo]HE KU 9] Fold® W
I 1L S IE A vlolE UHAE 1 HloJE & ARt
2o s wak Aeshs 7o R dhkao® HofAghs 11
2ot A% Wrlo] 21 Begitt o) Agto] whst A9 wat A
% A oS5 A5 Hat #ho] sttt 5 HAPL Stk A
< Fa | Qo] By o5 At 75t 2 ATl A= S
7M€ Fold® o] 20%2] 7% H|oEl 9} 80% F+ tlo|E| =2 3
7FFsiom, o] & 208 WSt F 1007 s A48k Rds

] skt

3-1-1. Valve size prediction

Alo|Z o= R ele 3] 7 d Fylo]] NI E] AR-E]= Normalized
Root Mean Squared Error (NRMSE)EE]r A7 Al4(Coefficient of
determination, R)Z 283t}

NRMSE+= Root Mean Squared (RMSE)E- B|o|E1 2] SH{ 7102
Xﬁﬁﬂ-a‘} %}:j 71—71— T;]-—-‘/] Ao o &3 H J-Z)‘:]Qq-_

N 2
RMSE = JZ, 1(ytrue,]iv ypredict,i) (14)
N 2
NRMSE = Jz, I(sz;i ypredit/, i) (15)
true

N 7He] wllofefell thall y, iz BIOTE i8] A5, v, = A
dlole] io] AAgk, 281 3, © AAFL] S vl
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Table 3. K-fold Cross validation results for the size prediction models
Total Fluid Liquid Gas Steam
R? NRMSE R? NRMSE R? NRMSE R? NRMSE
ANN 0.9751 0.1474 0.9622 0.1696 0.9806 0.1372 0.9578 0.0670
+0.0067 +0.0247 +0.0266 +0.0478 +0.0135 +0.0388 +0.0472 +0.0327
Random Forest 0.9887 0.0555 0.9766 0.0852 0.9906 0.0492 0.9721 0.0316
andom tores +0.0090 +£0.0432 +£0.0128 +£0.0550 +0.0053 +£0.0277 +£0.0256 +0.0326
XGBoost 0.9908 0.0409 0.9741 0.0957 0.9922 0.0407 0.9701 0.0332
+0.0067 +0.0310 +0.0359 +0.1557 +0.0065 +0.0332 +0.0298 +0.0352
CatBoost 0.9922 0.0407 0.9860 0.0489 0.9930 0.0362 0.9691 0.0333
+0.0065 +0.0332 +0.0045 +0.0144 +0.0040 +0.0193 +0.0383 +0.0404
RMSEE Hlo]E] ] 7)ol e 3] wlitoll A A dlo]E] 2 7F Hojd A& HolFdth 28 2] 7991 Random Forest
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Fig. 9. Size prediction result for Total dataset.
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Fig. 11. Size prediction result for Gas dataset.
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Fig. 12. Size prediction result for Steam dataset.
Table 4. Performance evaluation on test datasets for size prediction model
Total Fluid Liquid Gas Steam
R? NRMSE R? NRMSE R? NRMSE R? NRMSE
ANN 0.9856 0.1136 0.9758 0.1331 0.9903 0.1045 0.9615 0.0986
Random Forest 0.9936 0.0757 0.9861 0.1009 0.9974 0.0536 0.9916 0.0461
XGBoost 0.9888 0.1002 0.9918 0.0775 0.9981 0.0457 0.9583 0.1027
CatBoost 0.9942 0.0720 0.9893 0.0882 0.9988 0.0372 0.9953 0.0346
Zow dekent, - Real: Positive Real: Negative
& Table 4= A gk AN 9] WAt AF Ate) o Azt
= Ho o 2= }= tion:
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sion matrix.
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Table 5. K-fold Cross validation results for the type prediction models

F1 Score Total Fluid Liquid Gas Steam
ANN 0.9307 + 0.0226 0.9464 + 0.0193 0.9382 + 0.0397 0.6589 + 0.0000
Random Forest 0.9538 +0.0209 0.9563 + 0.0278 0.9566 + 0.0594 1.0000 =+ 0.0000
XGBoost 0.9513+0.0217 0.9601 + 0.0292 0.9545 £ 0.0588 0.9956 + 0.0259
CatBoost 0.9577+0.0196 0.9626 + 0.0268 0.9576 + 0.0586 1.0000 =+ 0.0000
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Fig. 14. Confusion matrix results for Total dataset type prediction.
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Fig. 15. Confusion matrix results for Liquid dataset type prediction.
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Fig. 16. Confusion matrix results for Gas dataset type prediction.
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Fig. 17. Confusion matrix results for Steam dataset type prediction.

Table 6. Performance evaluation on test datasets for type prediction

model

F1 Score Total Fluid Liquid Gas Steam

ANN 0.9292 0.9759 0.9490 0.8166

Random Forest 0.9581 0.9774 0.9491 1.0000

XGBoost 0.9651 0.9618 0.9491 1.0000

CatBoost 0.9774 0.9849 1.0000 1.0000
EE UL PAARA DA O FI H5) AR A3} A
25z 21 gR1E 5= Qlok. Al 2 E BEle| A CatBoost?} 314
et oSl e BoF3lar, A wlolE ol tiaiM &= 71

e o 4FES BB

31 F8of| Sgdshs Ball 73 o i3t o Ad50] "oz
ol o] % A Hof|A %%El‘iiﬁ}. F&2 19 532 Globe®
ZE 22 1E s 85% 71-S *FASH= Globe tlolE] Q] &
Y FAE TR ol FATL o] A-Eg 0% ®elth
B ol Ball 73 WE Ale]o] F4 271 fAMIo] HA|

A A FAY 7EsAdo] EAlgtthaL Tk,

w3k 29 ol sdali= Angle & W H O tiE o= A%
HANHA 0 % A Ukt o= Angle H7FAREEE 3 21
| v A] 8 E3) fojn] gl 2ol 7t gl S0 R Azt
Table 62] A3}+= Table 59F A2 FAFS HojFEH), o= &
A g HH w2 AAE ZdEo] ) Fg glo] AAsH &
S sk 2AR SiAHh

o]

o
_|_,_,

ATl = Folzl B Zdel A3tk win o] Alo| =9} -39
of 285+ A HlE-& £ol7] fl8l Waled 7Rk o=
5 St} ©]& $13ll ANN, Random Forest, XGBoost, ~I
231 CatBoostE 285t o5 2E& E‘}%L 0]* %Xﬂ Xﬂ HER
& dlojg] AE] dis) & %
ol 52 A A ATE
)= CatBoost’} 0.9921
Aol A %= CatBoost”} 0.98602+0.00457= 7H4 FHo ko) 4] 1.
dof vl Ad-so] Wttt 7] Aol A &= vlE71A] 2 CatBoost”}
0.99300£0,00397¢] A4 A5 718 wolwkom] A 7o) v]sjA]
=2 A F A5 AA Pk A" o4 Random Forest”} 0.97207
+£0.02563%] A7 ATE & d5s 88 7 Ut 73 52
7% CatBoost’} & HolEo| A H119] ofZ 588 BTt}
A Elo)E] 22 0.95766+0.019592] oS 4 5S HAF L

rﬁ
;u
N
3
%
2
za

0
O
, o2
ol
ob
3
=
S
>

1%ﬂi O]'ME LEH xd*ﬂ Eﬂ 1E1 ol

ol
|

label

Tue

Butterfly

Aoz gl F o5 Bl s 223

CatBoost_steam

1 0
04
r . §
00

Globe Angle Butterfly Globe Angle Butterfly

10

Glob
ove 08

06
Angle

Tue label

Butterfly

Predicted label Predicted label

R tﬂO] Elell41 0.96264:+0.02677, 714 HloTE ellAd 0.95760+0.05863,
1231 228 HolE A 1.00000+0.000008] F1 H45 2Heldt 4=
ATk Afo]= o2k Hhhz AAlolA2) o o] Aol
o] AF ARtk =%, 71A oA 8] S e AA T WA
SAH AUt
H]O]Hﬂ s BTt Ao R 52 %
O}, o & mello] ZxE 55 U=
< Parity plotZ} Confusion matrixE &3l 21}k
olH] Eto] Y vX Zl o' Holu 3712Q1 HolE g
AN 4= gloeletal A2t AR 371 diold] ghert
7§—°r o33 Upsampling 71" ©]-&-3lof do|e 843
% 314 7Fs3tt). ol ¢ Random Upsampling®]
MOTE Upsampllng S AR S Z Hlgo] A2 HlojHE T
£ 71E 483t vlole] a8 A ddS Al RdE

\

L oN,
o oX

1' ox ol
9 e

g
d

l

o
[¢]

&
30 39
D]o ;2

o

g 1
O

S

dot O,

N e

Z ool ﬁ <
i o

0 > © Mo e

ol AT Pl WS Bk Folal 2w
@gaA&ﬂz%%@gﬂnﬂ@xﬂﬂﬂ¢zﬂmgg
EEH A} AL BE 9 S0 /T B,
o1} stefolelel w73 Aol EAfak Z1EAT C, At
e AR 2EaHe Al W7 e-S o] destol mE
| 758 Rolet gzt

m&rm_—ﬂimé

s
WH

D2 ol my X
o

z Al

B =12 “Al A5 |RE AA Yo oS el Aeh2023-11-
0458)72] A1 07 e A]IU T},

References

1. Park, G, “How to Select Control Valve] HWAHAK KONGHAK,
10(3), 141-152(1972).

2. Driskell, Les. Control valve selection and sizing. 1st ed. North
Carolina: Creative Services Inc; 1983.

3. IEC 60534-2-1 Mod: flow equations for sizing control valves,
Switzerland, International Electro-technical Commission.

4. 1SA75.01, Control Valve Sizing Equations, International Society
of Automation.

5. Grace, A. and Frawley, P., “Experimental Parametric Equation
for the Prediction of Valve Coefficient (C,) for Choke Valve
Trims]” International Journal of Pressure Vessels and Piping,
88(2-3), 109-118(2011).

6. Long, C. and Guan, J., “A Method for Determining Valve Coef-
ficient and Resistance Coefficient for Predicting Gas Flowrate}

Korean Chem. Eng. Res., Vol. 62, No. 3, August, 2024



224

10

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

A AN - FEE ook - & A

Experimental Thermal and Fluid Science, 35(6), 1162-1168(2011).

. Zhou, X.-M., Wang, Z.-K., Zhang, Y.-F., “A Simple Method for

High-precision Evaluation of Valve Flow Coefficient by Com-
putational Fluid Dynamics Simulation] Advances in Mechani-
cal Engineering, 9(7), 1-7(2017).

. Lisowski, E. and Filo, G,, “Analysis of a Proportional Control

Valve Flow Coefficient with the Usage of a CFD Method}’ 53,
Part B, 269-278(2017).

. Valdés, J. R., Rodriguez, J. M., Saumell, J, Piitz, T., “A Meth-

odology for the Parametric Modelling of the Flow Coefficients
and Flow Rate in Hydraulic Valves) Energy Conversion and
Management, 88, 598-611(2014).

. Nguyen, Q. K. and Jung, K. H., “Experimental Study on Pressure

Characteristics and Flow Coefficient of Butterfly Valve] Inter-
national Journal of Naval Architecture and Ocean Engineering,
15, (2023).

Al-Zaidi, B. M. and Ismaeel, A. J., “Effect of Hydraulic Char-
acteristics on Fluid Transients Analysis under Different Types of
Control Valves) Journal of Ecological Engineering, 23(12),
111-123(2022).

Fu, W.-S. and Ger, J.-S., “A Concise Method for Determining a
Valve Flow Coefficient of a Valve Under Compressible Gas Flow;’
Experimental Thermal and Fluid Science, 18, 307-313(1999).
Boccardi, G, Bubbico, R. and Celata, G. P., “Geometry Influence
on Safety Valves Sizing in Two-phase Flow] Journal of Loss
Prevention in the Process Industries, 21(1), 66-73(2008).
Mahalleh, VBS, YOLO-Based Valve Type Recognition and Localiza-
tion, 2019 IEEE 6th International Conference On Industrial Engineer-
ing and Applications (Iciea), 37-40(2019).

Hlubek, N. and Baumann, M., Sebastian Heinze Florian Oster-
maier, Using Machine Learning for Diaphragm Prediction in
Solenoid Valves, IEEE 27th International Conference on Emerg-
ing Technologies and Factory Automation (ETFA).

Roh, J., Park, H., Kwon, H., Joo, C., Moon, 1., Cho, H., Ro, 1. and
Kim, J., “Interpretable Machine Learning Framework for Cata-
lyst Performance Prediction and Validation with Dry Reforming of
Methane] Applied Catalysis B: Environmental, 343, 123454(2024).
Roh, J., Oh, S., Lee, D., Joo, C., Park, J., Moon, 1., Ro, 1., Kim,
J., “Hybrid Quantum Neural Network Model with Catalyst
Experimental Validation: Application for the Dry Reforming of
Methane) ACS Sustainable Chemistry & Engineering, 12(10),
4121-4131(2024).

Kwon, H., Oh, K. C., Choi, Y., Chung, Y. G. and Kim, J.,
“Development and Application of Machine Learning-based Pre-
diction Model for Distillation Column}’ International Journal of
Intelligent Systems, 36(5), 1970-1997(2021).

Jeong, S., Joo, C., Lim, J., Cho, H., Lim, S. and Kim, J., “A Novel
Graph-based Missing Values Imputation Method for Industrial
Lubricant Data) Computers in Industry, 150, 103937(2023).
Lee, J., Hong, S., Kim, J. and Moon, ., “Machine Learning-based
Energy Optimization for on-sitt SMR Hydrogen Production)
Energy Conversion and Management, 244(15), 114438(2021).

Korean Chem. Eng. Res., Vol. 62, No. 3, August, 2024

E L k!

21. Lim, J., Jeong, S. and Kim, J., “Deep Neural Network-based
Optimal Selection and Blending Ratio of Waste Seashells as an
Alternative to High-grade Limestone Depletion for SOX Cap-
ture and Utilization)” Chemical Engineering Journal, 431, Part 3,
133244(2022).

22. Joo, C., Park, H. and Kim, J., “Development of Physical Property
Prediction Models for Polypropylene Composites with Optimizing
Random Forest Hyperparameters, International Journal of Intelli-
gent Systems, 37(6), 3189-3771(2022).

23. Joo, C., Park, H., Kwon, H. and Kim, J., “Machine Learning
Approach to Predict Physical Properties of Polypropylene Com-
posites: Application of MLR, DNN, and Random Forest to Indus-
trial Data) Polymers, 14(17), 3500(2022).

24. Joo, C., Park, H. and Kim, J., “Data-driven Modeling for Phys-
ical Property Prediction of Polypropylene Composites Using
Attificial Neural Network and Principal Component Analysis}
Computer Aided Chemical Engineering, 51, 1369-1374(2022).

25. Lee, Y., Choi, Y., Cho, H. and Kim, J., “Prediction of Distillation
Column Temperature Using Machine Learning and Data Prepro-
cessing)’ Korean Chem. Eng. Res., 59(2), 191-199(2021).

26. Joo, C., Park, H., Lim, J., Cho, H. and Kim, J., “Machine Learn-
ing-based Heat Deflection Temperature Prediction and Effect
Analysis in Polypropylene Composites Using Catboost and Shap-
ley Additive Explanations]’ Engineering Applications of Artifi-
cial Intelligence, 126, Part A, 1801-1806(2022).

27. Chen, T. and Guestrin, C., XGBoost: A Scalable Tree Boosting
System, 22nd ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining (KDD), 785-794(2016).

28. Dorogush, A. V., Ershov, V. and Gulin, A., “CatBoost: Gradient
Boosting with Categorical Features Support;” Workshop on ML
Systems at NIPS 2017.

Authors

Chanho Kim: Undergraduate researcher, Department of Chemical and
Biomolecular Engineering, Yonsei University, 50, Yonsei-ro, Seodae-mun-gu,
Seoul, Republic of Korea; kygon5801@yonsei.ac.kr

Minshick Choi: Undergraduate researcher, Energy Resources Upcycling
Research Laboratory, Korea Institute of Energy Research, 152, Gajeong-ro,
Yuseong-gu, Daejeon, 34129, Republic of Korea; als980@kitech.re.kr
Chonghyo Joo: PhD Student, Department of Chemical and Biomolec-
ular Engineering, Yonsei University, 50, Yonsei-ro, Seodaemun-gu, Seoul,
Republic of Korea; hyol56@yonsei.ac.kr

A-Reum Lee: Researcher, Samsung E&A Co., Ltd., 26, Sangil-ro 6-gil,
Gangdong-gu, Seoul, Republic of Korea; a_reum.lee@samsung.com
Yun Gun: Researcher, Samsung E&A Co., Ltd., 26, Sangil-ro 6-gil,
Gangdong-gu, Seoul, Republic of Korea; gabriel.yun@samsung.com
Sungho Cho: Vice President, Samsung E&A Co., Ltd., 26, Sangil-ro
6-gil, Gangdong-gu, Seoul, Republic of Korea; s.h.cho@samsung.com
Junghwan Kim: Associate professor, Department of Chemical and
Biomolecular Engineering, Yonsei University, 50, Yonsei-ro, Seodae-mun-
gu, Seoul, Republic of Korea; kjh24@yonsei.ac.kr



