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Abstract Smart factory, a critical part of digital transformation, enables data-driven decision making
using monitoring, analysis and prediction. Predictive maintenance is a key element of smart factory and
the need is increasing. The purpose of this study is to analyze the degradation characteristics of a
galvanizing kettle for the steel plating process and to predict the remaining useful life(RUL) for
predictive maintenance. Correlation analysis, multiple regression, principal component regression were
used for analyzing factors of the process. To identify the trend of degradation, a proposed rolling
window was used. It was observed the degradation trend was dependent on environmental temperature
as well as production factors. It is expected that the proposed method in this study will be an example

to identify the trend of degradation of the facility and enable more consistent predictive maintenance.
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Fig. 1. Diagram of thickness measurement for kettle
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Fig. 2. Flow chart of the proposed method
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Fig. 3. Hot dip galvanizing process
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Table 1. Description of variables
;ype of Type of Data Variable Name Unit
rocess
Handwriting Rinsing Temperature T
Surface Handwriting Pickling Baum Be
Preparation Handwriting Pickling Fe Concentration %
Process Handwriting Pre~Flax Temperature T
Handwriting Dry Furnace Temperature T
MES Material Input Quantity EA
MES Facility Uptime Hour
MES Material Input Weight Ton
MES Material Total Surface m
MES Operation Efficiency Rate %
Handwriting Zn Input Quantity EA
Handwriting Alloy-Zn Input Quantity EA
Handwriting NH4CL Input Quantity EA
Main Handwriting H2S04 Input Quantity EA
Process Handwriting Flux Input Weight Kg
PLC Molten Metal Temperature 1~3 K
PLC Burner Room Temperature 1~6 T
PLC Exhaust Gas Temperature T
PLC After-Plating Temperature K
PLC Kettle Pressure N/m?
PLC Signal of Material Quantity EA
PLC Signal of Facility ON/OFF ON/OFF
PLC Signal of Production Speed m/min
PLC Drum Temperature 1~4 T
PLC Duct Temperature 1~4 T
PLC Hopper Room Temperature T
PLC Dust Collector Upper Temperature T
PLC Dust Collector Lower Temperature T
Inspection PLC Hopper Room Humidity %
PLC Dust Collector Upper Humidity %
PLC Dust Collector Lower Humidity %
PLC Hopper Temperature 1~4 T
PLC Internal injection Temperature T
PLC Internal injection Pressure kg/cr
Agstol AR FaoHe YA AL, FYRS B TR TR Bl FHRG T3
A 9ol TRt £4 B ©E 1485 AL A = 84EE FYsiglon Y BN AFS R 2T
Al B AL opehe ME Wg 71zoR wHHet  Woz WPstsc
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(M)— UrolA AA 381709 BES k=12, 10, 8, 6, 7] 9k= AS7} 9JQlT F7tulc} mElo] el 22X A
4 29 v 4% RAYShe YAOR AW THE 4} el Aapt Ugk 2 o4 Bdo] BE
Hhreste W 2 Bdo] MRkl et wek2 RN e k=2, 4, 69) Aol AHASY Bk k=4%
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42 Table 49+ Zt}.
B4 A 2 FAROZ ool
Quantity, Facility Uptime, Material Input Weight,

Material Input

Material Total Surface, Operation Efficiency Rate®]
H4E Productivityg} 5kl Kettle Inner Temperature

1~3,

Table 2. R’ Result of PCR models(k=4)
k=12 k=10 k=8 k=6 k=4 k=2

my 0.560 - - 0.215 0.545 0.029
mey 0.179 0.254 0.181 0.383 0.225 0.555
my - 0526 | 0198 | 0272 | 0560

my - 0.348 - 0484 | 0474

my | 0686 | 0346 - 0.104

mg - - 0.176 | 0.055

my - - 0.155

mg - 0620 | 0.096

my - 0.530

my - 0.620

My | 0559

My, | 0099

Burner Room Temperature 1~65 Kettle

Temperatureﬂ} AAgt, FHES o|F = F9 AF
E = gj8y 17ko] AARF 9 29} Iy olakg 2
gslol Ak Z, wFRO WS BHS AT B A%
dolz =329 2% 9 3o 7HgAoR slejre
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o, ol 24 o] ALoAke el & 4= gl
Zze] 77 ol BRES] Holge FAHe] 74
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Table 3. Principle components(k=4, top 6 components)
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Table 4. PCR model of 4-period experiments

1Period | R2=0.5452

Y= —6.082¢®x PC1 + 7.939¢”® x PC2 + 1.847¢ ™™
X PC3 — 2.426e” P < PC4 + -+ — 3.968¢ »

2Period ‘ R?=0.2254

Y= 2.628¢"%x PC1 + 5.252¢" ”G><PC‘2+ 6 279e
X PC3 — 2.765¢~ % x PC4--- —2.706e”

3Period \ R?=0.5598

Y= 9.275¢ ¥ X PC1 + 2.583¢ " x PC2—1.277¢ ™
X PC3 — 3.705¢ P x PC4 - — 1.406¢~*

4Period ‘ R?=0.4743

Y= —1.829¢ " x PC1 + 4.821¢ " x PC2 + 2.033¢ ™™
X PC3 — 1.247¢ " x PC4 - — 1.342¢™ "

3.3 24 Zu i

tloje E4 AufolA Fa3 F/dEe AR
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Lr, SR AY TFEo] AFGHQ IS F=
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7] w2l Table 59 Zo] #7HEE Z XjolE HolA|
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r rlo r.L
fo oo )
2

r
i, H1 o

. Variable
Principal
Component my my my my
Kettle Temperature, Kettle Temperature, Kettle Temperature,
Kettle Temperature,
PC1 Drv Furnace Temperature Dry Furnace Temperature, Dry Furnace Temperature, Dry Furnace Temperature,
Y P Productivity Productivity Productivity
PC2 Productivit Dust Collector Dust Collector Temperature Rinsing Temperature,
Y Temperature & Humidity P Drum Temperature
PC3 Rinsing Temperature Pickling Fe Concentration Pickling Fe Concentration Dust Collector Humidity
pC4 Hopper Temperature NH4CL Input Quantity Hopper Temperature Kettle Pressure
PC5 NH4CL Input Quantity Pre—Flax Temperature Dust Collector Humidity Pickling Baum
PC6 Pre—Flax Temperature Pickling Baum Rinsing Temperature NH4CL Input Quantity
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Table 5. Daily average productivity

Table 7. Daily average temperature(outside kettle)

1Period 2Period 3Period 4Period
Material
Input Quantity | 11920.20 | 13238.47 12644.77 12993.45
(EA)
Material
Total Surface 12507.37 12005.14 | 12638.68 13482.74
(m)
Material
Input Weight 190.04 198.85 203.10 211.03
(ton)
TEE 2Es 8% WE 2Z(Molten Metal

Temperature), 2% 59| SHI-&%(Burner Room
Temperature)2 & 4= o, JA] T 2= {4
EHZ 513 917] o] Table 63} Zo] J7hE=E
2lolE HolR| gu YA 2= SES FARH

i

Table 6. Daily average temperature(inside kettle)

1Period 2Period 3Period 4Period
Molten Metal
temperature 453.70 450.58 450.80 44119
()
Burner Room
temperature 701.72 703.04 724.14 707.43
()

TaE B 2kf T2 FAe 1RE2E(Dry
Furnace Temperature), {27 9 &%(Drum
Temperature, Duct Temperature, Hopper Room
Temperature, Dust Collector Upper Temperature,
Dust Collector Lower Temperature)s &5l Y7l
+ E5E7F X" A9 FFLERA] 26| B
& ok EFE 99 2= Table 74¥ 3t HE 4
33 AolE HojETh

Fig. 4= 79 =52 7% 79 7 HelHE 44
FHOE Wiro] ALY A A & 4 Stk 74
7ro] FAAo] Fete BAE 73l & 5 U Fig. 5
= 9¢ =uE 7 A4 Ws H9E, Fig. 62 4
22250 WE fed FAHE, Fig. 72 =92 34
o] fAIgt A H9] 7| ey} FAHS vEhdth Az
£ 2% ey =527 AAE A9 2% o] &
ARRE Zig wteh & 4= Qlrh

1Period 2Period 3Period 4Period

Dry Furnace

temperature 78.68 67.03 67.28 81.00
()

Drum

temperature 32.14 29.50 29.29 37.99

()
Dust Collector

temperature 27.76 26.43 26.41 32.75

()

ot =22 FA7F 4421 50mm oA 25mm 2
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