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Abstract:

In June 2021, No. 7 continuous casting machine in
No. 2 Steel Plant of JFE Steel’s West Japan Works
( Kurashiki Division) started operation. This No. 7 cast-
ing machine is equipped with an electromagnetic brake
and a light reduction function to meet the needs for high
quality plate products. It is the world’s first vertical type
machine with bending capabilities of unsolidified slab
with a maximum slab thickness of 460 mm. For mainte-
nance, abnormality diagnostics by condition monitoring
was incorporated to detect and prevent equipment trou-
bles and quality abnormalities at an early stage by apply-
ing the latest ICT and data science technologies. In this
report, operation results and the condition monitoring
technology of the 7th casting machine are introduced.

1. Introduction

In June 2021, No. 7 continuous casting machine
(Kurashiki 7CC) at JFE Steel’s West Japan Works
(Kurashiki) started operation. Figure 1 shows the time
of start-up of continuous casting machines worldwide
in recent years and the maximum castable slab thick-
ness. In response to heightened needs for omission of
the primary rolling process after continuous casting,
increased slab thickness, etc., the castable thickness
approached 300 mm from around 1995. At Kurashiki
7CC, it is possible to cast slabs with the world’s largest
thickness of 460 mm for a vertical unsolidified-section
bending type continuous casting machine. This paper
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Fig. 1 Change in maximum slab thickness in continuous
casting machines

reports the condition of production at Kurashiki 7CC
and the new technologies introduced to improve slab
quality and increase productivity when manufacturing
460 mm thick slabs.

2. Overview of Kurashiki 7CC

2.1 Condition of Production at Kurashiki 7CC

Figure 2 shows the number of casting charges from
the start of operation of Kurashiki 7CC through FY
2023. The amount of casting increased in each half-
year period as a result of progress in quality qualifica-
tion and supply of materials for plate production to
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Fig. 2 Amount of casting charges in 7CC

East Japan Works (Keihin) accompanying the shut-
down of the upstream processes (blast furnace, steel-
making) at the Keihin plant. In parallel with this, prog-
ress was also made in quality qualification of 460 mm
heavy slabs for various applications, including materials
for offshore wind turbine monopiles, steel for machine
structural use, and steel for boilers and pressure vessels.
In comparison with the 1% half (1H) of FY 2023, the
amount of casting of 460 mm thick slabs doubled in
the 2" half (2H). Kurashiki 7CC can cast 460 mm
thick slabs with the same throughput as 310 mm thick
slabs cast by No. 6 continuous casting machine
(Kurashiki 6CC), which is the main continuous casting
machine for heavy plate materials at the same
Kurashiki plant. The ability to produce extra-thick,
large unit weight slabs for plate materials with high
productivity is a strong point of Kurashiki 7CC.

2.2 New Technologies Introduced at Kurashiki
7CC

As mentioned in the Introduction, to enable
high-productivity production of high-quality slabs with
a wide size range from thicknesses of 260 mm to
460 mm, a variety of new technologies were introduced
at Kurashiki 7CC. Table 1 shows examples of these
new technologies.

Among these, this paper introduces improvement of
the slab quality of 460 mm thick slabs by slab soft
reduction, a breakout (BO) prediction system using Q
statistics, which is a technique for preventing BO trou-
ble, and J-dscom™, an equipment anomaly prediction
monitoring technique that prevents quality anomalies
and unscheduled downtime caused by equipment
anomalies.

3. Large-Section Slab Quality Condition and
Soft Reduction Technology
One main application of 460 mm thick slabs is a
material for J-TerraPlate™ used for offshore wind tur-
bine monopiles. The upsizing of offshore wind turbines
has also heightened the need for extra-thick, large unit
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Table 1 Examples of 7CC technologies

Main Sub

Item
category category

Continuous temperature measure-

Improving | ent of tundish
efficiency

Automatic slab handling crane

Breakout prediction by Q statistic

Equipment anomaly prediction
monitoring
by J-dscom™

productivity Increasing | Ladle slag detection sensor

Increasing

operating Refractory temperature monitoring

rate system

Automatic mold powder feeding
system

Cable rack temperature monitoring
system

Light reduction of slab with high
rigidity segments

QC Crater end sensor

Improving

. Slab surface thermometer
slab quality

Slab surface thermo viewer

Slab surface defect detection sys-
tem

QA

weight materials for the monopiles that form the foun-
dation of the wind turbine. One issue that arises when
manufacturing these large unit weight materials for off-
shore wind power is microscopic voids called “porosi-
ties,” which occur at the final solidification position
(crater end)". Porosities become defects that also
remain in steel plates after rolling, and make it impossi-
ble to satisfy the performance requirements of the cus-
tomers’ order. Porosities are voids that form during
final solidification of a slab when the flow of molten
steel is insufficient to compensate for the decrease in
the steel volume caused by solidification contraction.
To prevent porosities, the slab thickness is reduced by
rolling between segment rolls before and after the crater
end of the slab, with the roll gap set to a larger gradient
than the decrease in thickness due to the thermal con-
traction of the slab. This process is called “soft reduc-
tion” (see Fig. 3).

Figure 4 shows the change in the ultrasonic testing
(UT) pass rate of large unit weight materials before
and after improvement of the soft reduction conditions.
The UT pass rate was improved by 6.5 times by
improvement of the soft reduction conditions. Figure 5
shows a comparison of the number of center segrega-
tion particles of the 300 mm slabs produced the West
Japan Works (Fukuyama) No. 6 continuous casting
machine (Fukuyama 6CC) and the 460 mm thick slabs
produced by Kurashiki 7CC. It was possible to obtain
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Fig. 5 Comparison of center segregation particles

better center line segregation than in the standard pro-
cess materials produced by the existing continuous
casting machine by performing soft reduction to dis-
charge concentrated molten steel back upstream from
the crater end area. Thus, it is now possible to produce
large-section slabs that satisfy the UT test conditions
by compressing and closing the internal porosities that
form in slabs.

4. Productivity Improvement Technologies
Introduced at Kurashiki 7CC

4.1 BO Prediction Technique Using Q Statistics

4.1.1 BO Prediction System

This section reports the results of implementing a
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BO detection system at Kurashiki 7CC using Q statis-
tics, which is a multivariate statistical process control
(MSPC) technique?, as a new approach to BO preven-
tion, and an example in which the true detection rate
was improved in comparison with the conventional
technique.

Prevention of BO is a long-standing issue in the
operation of continuous casting machines. Sticking
type BO, which is a typical example of BO, is thought
to occur when part of the slab near the meniscus sticks
in the mold, the shell ruptures as the strand is pulled
out, and molten steel flows out from the ruptured part
and solidifies. This cycle is repeated until the ruptured
part reaches the mold outlet and BO occurs®. Since it
was known that the mechanism described above causes
rapid temperature changes in the mold when sticking
type BO occurs, conventional BO prediction systems
were constructed based on rapid temperature fluctua-
tions in the mold, or the relationship of multiple tem-
peratures measured in the casting direction and width
direction . However, many false detections occur due
to temperature instability or collapse of the tempera-
ture relationship in the casting direction due to the
solidification state of the mold powder and the condi-
tion of an air gap between the solidified shell and the
mold during operation. As a result, the true detection
rate was limited to 40% to 60%, and productivity was
adversely affected.

4.1.2 BO prediction system using Q statistics

Figure 6 shows an overview of the method of the
BO prediction system using the above-mentioned mul-
tivariate statistical process control (MSPC) technique
(Q statistics).

The correlation of the temperatures of each sensor
is derived in advance by a principal component analysis
using the temperatures in the mold. Next, a sufficient
number of principal components with dimensions
smaller than the actual number of sensors are selected
from the principal components obtained in the previous
step by dimensional compression, so the typical tem-
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Fig. 6 Overview of BO prediction by Q statistics
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perature distribution of the mold temperature can be
reconstructed from the principal components. Then,
the sum of square residuals between the typical tem-
perature distribution, represented by the principal com-
ponents, and the measured temperature (referred to as
the “Q statistic”) is obtained®. If the Q statistic is
within the threshold, the correlation of mold tempera-
tures is maintained, so it is judged that an abnormal
state does not exist. On the other hand, if the Q statistic
exceeds the threshold, the overall condition is in an
abnormal state because some temperatures are different
from the other temperatures. In this case, a risk of BO
is judged to exist, and BO is prevented by rapidly
reducing the casting speed to form the solidified shell.
Thus, in multivariate statistical process control,
abnormalities of multiple sensors are controlled by a
single parameter. Since the number of defined parame-
ters is smaller than that of conventional prediction sys-
tems, this also contributes to the maintainability of the
system. Since the occurrence of an abnormality is sus-
pected in areas where there is a large difference between
the typical temperature and the actual temperature, it is
also possible to estimate the location of BO occurrence
in the same manner as in conventional BO prediction.

4.1.3 Results of application of BO prediction by
Q statistics

Figure 7 shows an example of detection of the
advance signs of BO by Q statistics in the actual con-
tinuous caster. The abscissa shows time. In the upper
figure, the ordinate on the left shows the thermocouple
temperature at multiple points at 3 locations in the
casting direction, and that on the right shows the cast-
ing velocity and BO prediction flag. In the lower figure,
the ordinate shows the rate of change of the Q statistic.
At around 7:36 in the figure, a decreasing temperature
can be seen at some thermocouples located at the mid-
dle location. At this point, the Q statistic exceeds the
threshold, a BO prediction flag is raised, and the cast-
ing velocity is reduced. After casting was completed,
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Fig. 8 Picture of defect-detected slab

the slab surface where BO was detected at this time was
inspected, and traces of a molten steel leak caused by
strand sticking in the mold were observed, as can be
seen in Fig. 8, confirming that this BO prediction was a
true detection.

At Kurashiki 7CC, use of the Q statistic BO predic-
tion system in the production process began after
parameter tuning, such as adjustment of the threshold
from the beginning of operation. Subsequently, when
the results were tabulated based on slab inspection after
detection, the true detection rate was more than 90%,
demonstrating that false detections can be substantially
reduced in comparison with the conventional BO pre-
diction system. Since the superiority of this technique
to the conventional BO prediction system was con-
firmed, successive deployment of this technique at
other continuous casting machines is planned for the
future.

4.2 Equipment Monitoring by J-dscom™

This section explains the anomaly sign detection
system for manufacturing processes J-dscom (JFE
detecting anomaly sighs and color mapping system),
which was introduced at Kurashiki 7CC as one data
science technology. Since equipment and operational
anomalies have a serious impact on productivity and
product quality, preventing those anomalies is an
important issue. J-dscom has already been introduced
in hot rolling”, sintering® and other processes, and is
contributing to detection of the signs of equipment
anomalies.

4.2.1 Anomaly diagnosis technique

In J-dscom, anomaly sign detection by hierarchical
levels was implemented, corresponding to the scale of
the data which is the object of monitoring, as shown in
Fig. 9.

In monitoring of the lower level, i.e., individual
instruments, upper/lower limit control is performed by
statistical techniques or set thresholds, as shown in
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Fig. 10 (a). The object data are comparatively simple
ones, such as the vibration values and temperatures of
various types of motors, roll gaps, etc.

For the middle level of equipment units, intervari-
able correlation monitoring by data-driven models
(DBM: Data Base Models), as shown in Fig. 10 (b),
was introduced as the main monitoring method. The
target consists of multiple data items that operate in
relation to each other. The difference between the pre-
viously recorded past results and the current values is
calculated. This difference is monitored as the degree
of deviation from the normal state, and an anomaly is
judged when the difference exceeds a threshold. This
method can be applied to various types of equipment,
provided there is a certain relationship between the
variables, regardless of whether that relationship is lin-
ear or nonlinear. At Kurashiki 7CC, the main targets
are flow monitoring of cooling water and monitoring
of drive rolls.

In the upper, entire process level, a technique based
on Lasso regression” was introduced because the num-
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ber of variable items handled is very large, exceeding
several hundred. Lasso regression is a type of sparse
model, which is effective in big data analysis, as shown
in in Fig. 10 (c). The number of unnecessary explana-
tory variables can be broadly reduced by using Lasso
regression because the micro-influence coefficient
becomes zero.

4.2.2 System configuration

The system configuration is shown in Fig. 11. In this
system, the data from sensor groups are concentrated
by an edge server, and after pre-processing correspond-
ing to the monitoring method, the results are calculated
and output. Considering the huge monitoring target,
changes in the anomaly score over time are expressed
by a colormap to enable efficient monitoring. In addi-
tion, a function that periodically consolidates the mon-
itoring results and automatically prepares reports is
also provided. This makes it possible to share changes
in the anomaly score with other related persons, pro-
moting an appropriate response. The system allows
monitoring in operation rooms, offices and other loca-
tions where a web server can be accessed.

4.2.3 Examples of Anomaly Detection

This section presents two examples of actual anom-
aly detection in cooling water flow monitoring by
equipment-level monitoring.

First, the relationship between the controlled vari-
able of mold cooling water and the flow rate was mod-
eled. As shown in Fig. 12, it was found that the anom-
aly score increased rapidly with a certain point in time
as a boundary. It also become clear that the controlled
variable was larger than normal when an anomaly
occurred. Since the results of a detailed investigation
revealed that this anomaly was caused by a valve
exchange, the water flow rate was adjusted and
returned to normal.

Next, an example of monitoring of the cooling
water flow rate to bearings arranged above and below
the line is presented. The object is adjacent bearings of
the same type, which use the same type of cooling. This
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relationship was modeled. As shown in Fig. 13, the
anomaly score initially changing gradually, but then
increased rapidly. As the result of an investigation, it
was found that the bearing cooling water flow rate on
the lower side decreased, and the estimated cause was a
water leak. Thereafter, the condition was returned to
normal by exchanging the part.

5. Conclusion

Kurashiki 7CC, which started operation in 2021, is
capable of casting slabs with the world’s largest thick-
ness of 460 mm for a vertical unsolidified-section
bending continuous casting machine. To enable casting
of high-quality, large-section slabs with high productiv-
ity, various technologies were introduced at Kurashiki
7CC, beginning with those introduced in this paper, as
follows.
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(1) Slab soft reduction technology

Slab soft reduction is performed to compress and
close porosity defects, which had been an issue for the
quality of 460 mm thick slabs. As a result of optimiza-
tion of the soft reduction conditions, the UT inspection
pass rate after rolling large unit weight materials was
improved by 6.5 times.
(2) BO prediction by Q statistics

A mold temperature monitoring system using Q sta-
tistics, which is different from the conventional break-
out (BO) prediction technique, was implemented. As a
result, the true detection rate of slab sticking was
improved to 90%, and it was possible to reduce down-
time when BO occurs and lost casting time due to
abnormal casting slow-downs when BO is detected.
(3) Equipment monitoring by J-dscom™

J-dscom is a monitoring technique in which the
continuous casting machine is monitored hierarchically
at the single instrument level, middle equipment level,
and entire process level to detect advance signs of
equipment anomalies. As a result of introduction of
J-dscom at Kurashiki 7CC, it has become possible to
prevent trouble in advance by carrying out repairs
before operational trouble or quality trouble occurs.

References

1) Ogibayashi, S. The current status and issues of the generation
mechanism of center segregation in continuous casting slabs and
the center segregation model, Sanyo technical report, 2012,
no. 19, p. 2-14.

2) Ito, T.; Hashimoto, Y.; Shimamoto, H. Operation Guidance
Technique of Blast Furnace Using Data Science, JFE Technical
Report. 2021, no. 26, p. 21-27.

3) Itoyama, S.; Habu, Y.; Sorimachi, K.; Kawaharada, A.; Yabe, S.
Mechanism of Formation and Method of Detection of Breakout
Caused by Sticking between Mould and Slab in Continuous
Casting of Steel Tetsu-to-Hagané, 1982, no. 7, p 784-793

4) Tsuneoka, A.; Ohashi, W.; Ishitobi, S.; Kataoka, T.; Tenma, M.
Steelmaking Conference Proceedings, AIME, 68th, Detroit,
(1985), 3

5) Itoyama, S.; Washio, M.; Nishikawa, H.; Yamanaka, H.;
Tanaka, S.; Fujii, T. Reduction of Friction Force in Mold and
Prevention of Sticking Type Breakout for High Speed Continu-
ous Casting of Slabs, Tetsu-to-Hagané, 1988, vol. 74, No. 7,
p. 1274

6) Masuda, R.; Nishimura, T.; Hashimoto, Y.; Hirata, T. Breakout
Prediction System in Continuous Casting by Using Q-statistics,
CAMP-ISIJ 2023, vol. 36, No. 1, p. 145

7) Hirata, T.; Hachiya, Y,; Suzuki, N. Anomaly-Signs Detection
Techniques of Steel Making Facilities Utilizing Data Science,
JFE Technical Report. 2021, no. 26, p. 15-20.

8) Takeuchi, N.; Matsushita, M.; Gion, H.; Miyazawa, T.;
Hashimoto, K.; Fukagawa, K. Construction of Fukuyama No. 3
Sinter Plant and Application of Data Science Technology, JFE
Technical Report. 2022, no. 28, p. 45-51.

9) Tibshirani, R.; Regression Shrinkage and Selection via the
Lasso, Journal of the Royal Statistical Society. Series B (Meth-
odological), 1996, vol. 58, issue. 1, p. 267-288

JFE TECHNICAL REPORT No. 34 (Sep. 2025)

Copyright © 2025 JFE Steel Corporation. All Rights Reserved. Unauthorized reproduction prohibited.


https://www.jfe-steel.co.jp/en/research/report/026/pdf/026-05.pdf
https://www.jfe-steel.co.jp/en/research/report/026/pdf/026-05.pdf
https://www.jfe-steel.co.jp/en/research/report/026/pdf/026-05.pdf
https://www.jfe-steel.co.jp/en/research/report/026/pdf/026-04.pdf
https://www.jfe-steel.co.jp/en/research/report/026/pdf/026-04.pdf
https://www.jfe-steel.co.jp/en/research/report/026/pdf/026-04.pdf
https://www.jfe-steel.co.jp/en/research//report/028/pdf/028-08.pdf
https://www.jfe-steel.co.jp/en/research//report/028/pdf/028-08.pdf
https://www.jfe-steel.co.jp/en/research//report/028/pdf/028-08.pdf
https://www.jfe-steel.co.jp/en/research//report/028/pdf/028-08.pdf

