JFE £ No. 45
(2020 -2 H) p.14-18

F— R4 A T2 RERDRE IR

Anomaly-Signs Detection Techniques of Steel Making Facilities Utilizing

Data Science
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Abstract:

In steel making processes, influence of an equipment fault on production operation is significant. It is strongly
required to detect an equipment fault at an early stage and to prevent the damage. Therefore, techniques to detect
fault signs utilizing data science are developed in a hot rolling process. In this paper, two techniques, the one possible

to monitor an entire process and the other specified to monitoring hundreds of run-out table motors, are mentioned.
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Fig.1 Concept of anomaly signs detection by hierarchy level
of a manufacturing process
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Fig. 2 Example of heatmapping display
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Fig.3 System configuration of anomaly signs detection
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To construct models of relationship among variables

under normal operation

X1 X2 X1 = al2- X2 +ald-X4
X2 =a2l-X1 +a24-X4
'S 3" X3 =a31-XI
X4 =adl X1 +a42-X2
xe T

-
To detect breakage of local relationship by estimating
prediction error

XIQeO X2 X1= al2’X2  +ald-X4
{xy X2=a2l-X1 + 0-X4
X3
X\ £ X3 =a31-X1
; X4=adl-X1+ 0-X2
X4 xs=-

Anomaly score = f(Xi actual — Xi prediction)
Prediction error
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Fig. 4 Application of Lasso regression method to detecting
anomaly signs of the entire process
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Fig.5 Example of detecting anomaly signs by the level of the
entire process

W2k By, BUNGEBRED R s b T D R S
BERIBICHIRT 2 2 e PAMREY 2 5, WEELE 41277,
H 5 LU L2 IEHRE D 7 — 2 1206 L TEEH 0Tl
EFNVERERL, BEAHIERICHC IS b e R
LCTPHREZHE T 2, HIERROTFT— 2D EETHN
EFHREA NS, BETHIUIRE B0, Tl
RIS FEBRNCEFEELHEA TS 5,

e EFEAE 7 vt 2 2R g Ui FIRREBI 2B 5 1R T,
B TR S DU AERE 0 BARS T IRAE 2 R 3 HR Ao o 3 5 B
WEDF v — b Th b, LFHHEMICH - T BEEHHiER
R R LTW20DMRTE 5,

23 HBILANIVDESR

IR L ~ Vv OBEARICIE, PCA # I WLTIRIEE R Y, 7—
Z ERENE T 7 ov e F b Tc BB R 2 R BT
Y LTEALR, 13U, PCAICE B IEERHIZOWLT
FAT 5, —EOKD IR LEIEL /R T8I, Z ORGD
RELRTESOREEP—ETHH, BEERIITHEEHEL
N3N, IhrxFlkeeszsd, 22T, PCA%Y
HOTHEOL AR L EEZM T 2 HiEZREL
72 P, (iR € — 23— O E LB LR S U
RERMETH B, B6IFMEHRDE— & THEIS 3 RIED

JFE £ No. 45 (2020 4£ 2 H)



7 =&Y A T2 AT O S TR

N Hunting
E
.80 \
72}
Anomaly
— > | | ®Te ...
Time | +|  \.» :
A Normal
=
g — 4 Time i+1
= ime i
=
Time

6 PCAICKBRAER

Fig. 6 Application of PCA method to detecting anomaly signs
in a facility
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Fig. 7 Application of data-driven modeling method to detecting
anomaly signs in a facility
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Fig. 8 Example of detecting anomaly signs by the level of
facilities
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Fig.9 Image of propagation of anomaly source
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Table 1 Result of Al estimation
Fault | Fault | Fault | Fault | Fault

A B C D E
Number of variables
whose anomaly score 45 15 39 17 10
exceeded the threshold
Number of variables
estimated as anomaly 3 5 5 3 3
sources
Number of missed
variables that must be 0 0 0 0 0
detected
Number of variables
not valid as anomaly 0 3 3 0 1
sources
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Fig. 10 Speed reference and current of motor
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Fig. 11 Application of PCA method to monitoring run-out
motor current
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Fig. 12 Run-out motor current monitoring system
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