"m Check for updates

Journal of the Korean Institute of Industrial Engineers https://doi.org/10.7232/JKIIE.2022.48.6.557
Vol. 48, No. 6, pp. 557-569, December 2022. © 2022 KIIE
ISSN 1225-0988 | EISSN 2234-6457

A Study on the Optimal Property Prediction Algorithm for
Development of Eco-friendly Fiber Material

Joo Hee Lym1 + Jinho Yang1 - Kang Yeon Cho' - Sang Do Noh' - Hyun Sik Son” -
Wu Chang Jung3 - Seung Bum Sim’

lDepartment of Industrial Engineering, Sungkyunkwan University
*Textile Material Solution Group, Korea Dyeing and Finishing Technology Institute

*Industrial & Research Innovation Support Group, Korea Textile Development Institute

Due to various environmental issues such as global warming, eco-friendly technology becomes more significant
attention in manufacturing industries. In textile industry, a large amount of chemicals substances and energy can
cause serious environmental pollution, so that it is necessary to develop and use eco-friendly fiber material to
keep our environment clean. Extraction of optimal process conditions and prediction of the product quality
before production starts are the critical steps to reduce the waste and defect rate in developing biodegradable
eco-friendly materials. This paper proposes an Al-based algorithm that predicts the optimal process conditions
and parameters of the spinning process based on manufacturing data. The developed algorithm is consisted of
various machine learning models, and the performance of the model is verified by performance indicator
evaluation of actual production processes.
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(b) Fiber produced through the spinning process
Figure 1. Spinning process in Textile Industry
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Figure 2. The Process of Spinning Process
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Table 1. Definitions of Spinning Process Data

No Data Unit process Definition
1 Chip input kg Input amount of raw material chips
2 Functional MB concentration % Input The ratio of functional MB concentration to total raw material
3 Functional MB chip input kg Input amount of functional MB concentration
4 Drying time min Time to dry the moisture contained in the combined raw materials

) . Dry Temperature to dry the moisture contained in the combined
5 Drying temperature C .

raw materials
6 Melting temperature T Melting The temperature at which solid state raw materials are heated
7 Extruder pressure MPa Equipment pressure to heat solid raw materials
8 Hole CS type shape The type of pack that determines the shape
9 Hole Number num Number of entrances in the pack
10 Length mm Height of pack
11 Diameter mm Diameter of pack
12 Sand particle size for filter - ) Size type of metal powder
Extrusion - - .

13 Mesh type - Maximum number of filters to insert in a pack
14 Spinbeam temperature T Temperature of nozzle
15 Manifold temperature T Same as spinbeam temperature
16 Pack front pressure Mpa Pressure in front of the pack
17 Pack end pressure Mpa Pressure after the pack
18 Quenching type Cross/Candle Types of systems that solidify the shape of fibers
19 Wind speed m/sec The speed of the wind solidifies the shape of the fibers
20 Solidification temperature T The temperature that solidifies the shape of the fibers
21 Oil method JET/Roller o Method of adding oil to yarn
22 Oil brand - Solidification Brand of oil used
23 Oil concentration % The concentration of oil in the emulsion in the oil box
24 Oiling rpm pm Oiling speed
25 Setting distance m Distance from refueling equipment when using the JET method
26 Migration pressure kg/cm Migration equipment pressure
27 Interace pressure kg/cr Interace equipment pressure
28 GODET R/O speed m/min Rotation speed of GODET roller
29 GODET R/O temperature T The surface speed of GODET roller
30 Winding R/O speed m/min Winding The speed of the motor when the last yarn is wound
31 Winding angle Angle for even winding when the yarn is wound
32 Contact press #l1 kg/cir Wind prep pressure
33 Contact press #2 kg/cm Pressure in the winding progress phase
34 Winding tension g The pressure of the winding thread
35 Draw ratio m/min The ratio of GODET roller rotation speed
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Table 2. Process Data with Fixed Variable Values

No Data Unit Value

1 Chip input(A) kg 40

2 Chip input(B) kg 41

3 MB concentration % 100

4 Functional MB chip input(A) kg 0

5 Functional MB chip input (B) kg 0

6 Drying time min 300

7 Drying temperature T 85

8 Melting temperature#1 (A) T 250

9 Melting temperature#2 (A) T 258

10 Melting temperature#3 (A) T 252

11 Melting temperature#4 (A) T 252

12 Melting temperature#1 (B) T 250

13 Melting temperature#2 (B) T 258

14 Melting temperature#3 (B) T 252

15 Melting temperature#4 (B) T 252

16 Extruder pressure(A) MPa 160

17 Extruder pressure(B) MPa 160

18 Hole CS type shape 0

19 Hole Number num 12

20 Length mm 0.5

21 Diameter mm 0.28

22 Sand particle size for filter - Mesh

23 Quenching type Cross/Candle Cross

24 Wind speed m/sec 0.4

25 Solidification temperature T 20

26 Oil method JET / Roller Roller

27 Oil brand - #1308

28 Oil concentration % 15

29 Oiling rpm pm 17

30 Setting distance m 1.6

31 Interace pressure kg/c 30

32 GODET R/O A temperature T 90

33 Contact press #1 kg/cm 12

34 Contact press #2 kg/cnt 15

35 Winding tension g 16
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Table 3. Process Data with no Fixed Variable Values
No Data Unit value
1 Mesh #1 type - #30, #36
2 Mesh #2 type - #30, #36
3 Mesh #3 type - #30, #36
4 Mesh #4 type - #30, #36
5 Spinbeam temperature T 254, 256, 258, 260, 262
6 Manifold #A temperature T 254, 256, 258, 260, 262
7 Manifold #B temperature T 254, 256, 258, 260, 262
8 Pack front pressure Mpa 54, 69
9 Pack end pressure Mpa 54, 69
10 Migration pressure kg/cm 1.2, 1.8
11 GODET R/O A speed m/min ( 1000 ~ 3675 )
12 GODET R/O B speed m/min ( 4105 ~ 4520 )
13 GODET R/O B temperature T 95, 100, 105
14 GODET R/O speed m/min ( 4000 ~ 4400 )
15 Draw ratio m/min (15 ~300)
E
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28
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Figure 3. Correlation of Elongation and Tenacity

Table 4. Definitions of Physical Properties Data

No Data Unit Definition

1 Average temperature T Average temperature of yarn

2 Average tenacity g Average tenacity of yarn

3 Elongation g/d Average of the maximum force when breaking by pulling 20 times

4 Tenacity % | Increase rate when elongation is at the maximum value in the 20th experiment

5 Microtome - Close-up photo of yarn cross section

6 |Dimensional change rate - category - Classification of increase/decrease in yarn

7 Dimensional change rate % Change in length after natural drying in 100 hot water for 30 minutes
- rate of change

8 Unevenness % A ratio of equal thickness of yarn

9 Count tex Thread thickness
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Table 5. ANOVA Table of Physical Property for Tenacity
No Variable df Sum_df Mean_sq F-Value PR(>F)
1 Mesh type 1 0.059609 0.059609 0.124723 0.724457
2 Spinbeam Temp 8 7.754576 0.969322 2.028149 0.056625
3 Mainfold A Temp 6 1.227498 0.204583 0.428057 0.859386
4 Pack front pressure 1 0.135039 0.135039 0.282547 0.595813
5 Pack end pressure 1 0.010676 0.010676 0.022338 0.881390
6 GODET R/O A speed 52 15.484797 0.297785 0.623066 0.974760
7 GODET R/O B speed 6 0.092437 0.015406 0.032235 0.999855
8 GODET R/O B temperature 0.330029 0.165041 0.345266 0.708586
9 Winding R/O speed 0.061703 0.045896 0.096030 0.983595
10 Draw ratio 53 6.844680 0.129145 0270215 1.000000
1 Residual 152 72.646013 0.477934 NaN NaN
Table 6. ANOVA Table of Physical Property for Elongation
No Variable df Sum_df Mean_sq F-Value PR(>F)
1 Mesh type 1 54.670305 54.670305 0.947628 3.326495e-01
2 Spinbeam Temp 8 2152.08699 269.010874 4.662902 7.097066e-05
3 Mainfold A Temp 6 104.37003 17.395062 0.301517 9.347916e-01
4 Pack front pressure 1 14.883317 14.883317 0.257980 6.126187¢-01
5 Pack end pressure 1 6.042274 6.042271 0.104734 7.468904¢-01
6 GODET R/O A speed 52 2262.2465 43.504742 0.754090 8.687656e-01
7 GODET R/O B speed 6 51.076640 8.512773 0.147556 9.891591e-01
8 GODET R/O B temperature 34.183775 19.091887 0.330929 7.190317¢-01
9 Winding R/O speed 3.207456 0.801864 0.013899 9.996135¢-01
10 Draw ratio 53 45.618087 41.447521 0.718431 9.071079¢-01
11 Residual 152 5826.8643 57.691729 NaN NaN
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Spinning process prediction and recipe recommendation algorithm
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Figure 4. Spinning Process Prediction and Recipe Recommendation Algorithm
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Table 7. Categories of Property Data

2) C-Set 2 : C-Set 19] 3177 vlo]E o] MFH R
TAE 23t 98l *J*tfl SMOTE 7| < %
425749 HlolH Al ES T3t

3) C-Set 3 : C-Set 1 © ]E1 H]Eﬂ ESEG Frglonz
syl 2 1D 7 A EHE ZE dHolH9 1) HolH
£ &4 112370 HolH A EE 753t

39 =do] 2% obgf R-Set 13} R-Set 2, R-Set 33} 7o) o
oJH N EE o & St5S Walstgith

4)R-Set 1 : C-Set 1 Hlo|Ejol| A ATE = BF HoJHE &
H89/ME A 98t 228719 Ho|HE Yo oP‘}iE}.

5) R-Set 2 : R-Set 1 Blo|E¢] 7} BF& 7] W&o skt
o A ID T AR E = B dolH9 4)9 dHolEHE &
2 Z 90571 9] Ho]El & th o & 3ttt

6) R-Set 3 : Set 22 HiojE o] B4 FAE 323ty 3
2o wo]2E ke o] A HolE & Al Ast B
48 tdo] 5 LS A T3] Hlolg Y 5
Sd= BEFZ9 2 Random sampling 7] H & &85}

o 1,44070 9] HiolHE T4 o2 3¢t

BRGNS BEG AR A oA dgPRol &7 =Y
] u-rﬁ}ﬂ' Zastt. dolH

& HlolEl & Al letar HA gk
thgkol 4509, ¥ 67H-4 category 2 TA 3 A 1L W
S /\] 7} category?] MY S 0302 TR AT A4
Al 815 Al 9J8kaL H Agho] 20, Hthgko] 45011, o &
6719] categoryZ T3 o oF 2L E categoryS] W E

TSR oW 00 3 F3hE categoryw & F HOJHE
%ng 9 <Table 7>& B5 WF| ARHE BAR
ol 3 A7E A Ho|th ndo =& =o]7] 93

) o] B = Sklearn Package] StandardScaler?t MinMaxScalerE

Preprocessing data Category
Elongation 0.3 0, [2.7, 3.0), [3.0, 3.3), [3.3, 3.6), [3.6, 3.9), [3.9, 4.2), [4.2, 4.5) 7
Tenacity 5 0, [20, 25), [25, 30), [30, 35), [35, 40), [40, 45), [45, 50) 7

Table 8. Data Variables for Grid Search

Data

Spinbeam temperature

[250, 254, 255, 256, 258, 260, 262, 263, 268]

GODET R/O A speed

[80, 90, 1000, 1140, 1168, 1207, 1225, 1237, 1240, 1250, 1256, 1260, 1270, 1280, 1290, 1291, 1297,

1300, 1310, 1320, 1329, 1330, 1340, 1350, 1354, 1360, 1370, 1380, 1387, 1390, 1393, 1400, 1410,

1420, 1430, 1440, 1450, 1460, 1461, 1470, 1480, 1490, 1498, 1495, 1500, 1537, 1568, 1575, 1607,
2000, 2050, 2100, 2499, 2500, 2562, 2624, 3000, 3001, 3076, 3151, 3500, 3588, 3675]

GODET R/O B speed

[4039, 4105, 4140, 4205, 4241, 4410, 4520]

GODET R/O B temperature

[80, 95, 100, 105]

Winding speed

[4000, 4100, 4200, 4300, 4400]
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estimators, learning_rate & ZtZf 2ol wpel 2 9] H&
wA st =gk A AWE s 71%9‘31—3
" 34 Al Ed ol vl B WFE <Table 8>3 Tt
3740

&85
o

brt le B Mo migh

=
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A= <Table 9> ZoH ARE o257 3 £7 29
8 A E H7F A 3= <Table 10>J+ 2,

Stsd RS AsAE vudd, AR A AT
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e Qo2 et A2 02 go|E o Exu Hako] Alg)

AR A

S H2E HolH EF AUE o S84A 5 el FAA3
(Underfitting) 4 &0l ZA Yehd s & & U =43

A Z 9] 4§ Xgboost?] C-Set 33 MLP ] C-Set 19] Accuracy
&Y 3HAl Y EA ¥ Xgboost C-Set 3] 735~ 85 Bl o] H o] Th 3l
HatA g5 o o] oo HolEl o thajd At E o FHA &
s 38 (Overfitting) S BQ7] v &l C-Set 1S & &3t
MLP®] H7HA 3 A5 o] AY $& A 02 adsqih

317 29 A5 BF tolEE AT vlolH HNEE
Aoz g AL om EAZ AEE o Z35)7] 93t
9 Y7A R <Table 11> 200 AEE o Z317] 9
2l Y712 £ <Table 12>9F 21}
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e b ¢agEs o] &3ty BYEY Z@XIE% < 5%
7] W ol SMOTEE A & B¢ 45 0] 27 %OW A goko Ao = HWHYS wf R-Set | Hlo|HE & A A5
o Bl o]l 9] &o] Y7 A7) Wi ol AAH o= S5 vlolB] A E R2FO] ridge regression, lasso regression, LSTM 5.2 o]l A
vholui 27t EEHUA Srol A3 HA L 4L Hal
Table 9. Model Analysis Results of Elongation At A% AR A$ R-Set3 S A-&3 LSTM 2P
Xaboost 9] Aol Mg F2A0E Yeigon, B4R AR ¢
Set Accuracy Precision Recall F1 Score T LSTME] B50] 7H8 & A 02 YR LSTMS] 24|
| 0.63 0.64 0.58 0.59 EAZ o] 9= B4 94} ¥l w & <Table 13>3} 22t}
2 [ o [ o 071 | 088 SEEREEE ERPEEE PECBEEBEEEER
3 055 O'ipr 0.63 0.5 B o)A o = t] o] €] = <Figure 5> 2 TH A A A B o] 4l
7 562 752 G 031 t o] Bl & Xgboost9} MLP 2@ of O Y3}te] £ o Z& 3515 L
2 0.59 0.36 0.4 0.38 o, 37 2l Sh5< fle) A E S AAS L LSTM 2o
3 051 0.42 0.49 0.44 st HF A EH oA oS dolE & APt AT
Randomforest
0.62 0.41 0.42 0.4 Table 11. Model analysis results of elongation
0.6 0.38 0.41 0.39
3 0.55 0.55 0.63 0.56 Randomforest
KNN Set R MAE MSE
0.6 0.38 0.41 0.39 1 0.71 0.09 0.01
0.6 0.58 0.69 0.59 2 053 0.19 0.06
3 0.53 0.41 0.38 0.39 3 0.53 0.18 0.06
KNN
Table 10. Model Analysis Results of Tenacity ! 0.7 0.09 0.01
2 0.54 0.2 0.07
Xgboost 3 0.54 0.2 0.07
Set Accuracy Precision Recall F1 Score Ridge
1 0.75 0.7 0.62 0.64 1 0.74 0.01 0.11
2 0.72 0.83 0.57 0.64 2 0.53 0.19 0.06
3 0.77 0.85 0.58 0.64 3 0.46 0.06 0.25
MLP Lasso
1 0.77 0.69 0.72 0.7 1 0.74 0.01 0.11
2 0.67 0.5 0.53 0.49 2 0.54 02 0.07
3 0.76 0.87 0.55 0.58 3 0.46 0.06 0.25
Randomforest LSTM
1 0.73 0.53 0.47 0.49 1 0.81 0.08 0.01
0.73 0.54 0.57 0.54 2 0.95 0.04 0.01
3 0.55 0.55 0.63 0.56 3 0.97 0.04 0.01
KNN DNN
0.71 0.51 0.46 0.48 1 -1.08 0.24 0.09
0.66 0.5 0.47 0.49 2 0.49 0.19 0.06
3 0.73 0.59 0.54 0.55 3 0.49 0.19 0.06




A3 A5 2A MNEE A B S S Fol AT AT 567
Table 12. Model Analysis Results of Tenacity 4.2 A3 24
- ——undoniuen - R A Atshe el 5 78 3 245t =34
o & i o ATE F¢H 02 HF e oed 2ok
2 0.45 132 3.09 1) BF 299 A9 S48 4= Accuracy} Precision,
3 0.58 1.95 7.06 Recall, F1 score”} 71%, 68%, 70%, 68%%] Xgboost”} 3
1 — KNII\‘ZI — Z 5oz A= on, A5 F$ 77%, 69%, 12%,
04 39 137 70%¢ MLP7} 3% 238 0 2 A4l
3 052 2] 3.03 2) 27 2d AL AAH o2 golH e Bxy Hiko] 4
Ridge 7] ol SMOTEE &3ttigts Bde Aol 4
1 001 253 D A ok A gkom, AAH 0.2 HadF HFo] vhet
: : : Ao 7 Ay
3 0.4 11.37 3.37 Gl #ddn
Lasso 3) 3 2l A EAY A=Y R MAE, MSE7}
1 -0.01 3.35 1.88 0.97, 0.04, 0.01%1 LSTM®] 43 50] 7} $-5317] wj &l
2 M 54 G 3% DAE HYRAOH, NEY B £ 097,004
- LSTM. - 0.0191 LSTM©] #= UQE AAH A
1 -10.8 6.43 452 )LSTM-°4 A5 29 golog IVlE AAs =&
0.97 0.04 0.01 2 2AY A 5 450l B4 FL AL FAT 59
3 0.96 056 0.62 flos, o o YRR £ dololdl 2% 229
036 227 1.2 ﬁiit 1 101«1 SN A A mdof 4
3 049 0.19 0.06 5ol 71 A BREYY. =8, HolHE AA A
Table 13. Comparison of LSTM's Prediction of Actual Property Value Error
Basic Standardization Normalization
— ong -u[ rigiad
= 1 “l ren a
.,Ja.lr f ..!5 ﬂl j; |
elongation ; l - 1 l’I ] |' I ‘ |‘ N‘ ‘ r % r
-:: ‘ ' f r 32 | ” j: ICrw | ‘ |l||
:: ! Preducton 1 | :D Prediction :; 'I : Predicbon
O ' u
tenacity v AREALTE LT ) 11.. if‘ ‘l il ‘
N I i pos s I
=) lu1 I R | |
1 250.0 90.0 41050 100.0 4000.0 1 250 1000 4105 100 4100 310500000 1:725571 21.876719
3 z::zz zzz ::ZZZ :EZZ :ZEZZ 4 250 1000 4105 100 4400 310.500000 2:062551 23175842
7937".’; 2500 90.0 41050 100.0 4000.0 5585.; 25‘3 367; 403;9- 80 440‘0 9.90476‘; 1.985702 2353594"0
79376 2500 90.0 41050 100.0 4000.0 55853 268 3675 4039 100 4300 9.904762 1.660189 21.413609
79377 2500 90.0 41050 100.0 4000.0 55854 268 3675 4039 100 4400 9.904762 1.857223 22.443604
79378 2500 90.0 41050 100.0 4000.0 55855 268 3675 4039 105 4400 9904762 1889209 22595192
79380 rows x 10 columns 55857 rows x & columns

(a) Result data of grid search

(b) Result of prediction data

Figure 5. Result Data of Grid Search and Prediction Data
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