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Abstract
Due to progress in information technology and artificial intelligence, initiatives to utilize 

the large amount of accumulated operational data are progressing in the steel industry. In 
the steel manufacturing process, process control has been implemented by applying physi-
cal models developed based on principles to produce high-quality products. In process con-
trol, it is necessary to perform model calculations within a practical calculation time. How-
ever, there are problems such as the long computation time required to calculate the exact 
physical model and some control objects are difficult to build models based on principles. 
Therefore, improvement of the control accuracy and stabilization of operations by utilizing 
operational data are highly anticipated. This article introduces technologies and application 
examples of data-driven models based on operational data developed to realize high accu-
racy process control and advanced operational action recommendations.
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1.	 Introduction
In recent years, significant progress has been made in informa-

tion technology and artificial intelligence including machine learn-
ing. These developments have enabled large-scale database systems 
to be built in order to collect data through high-speed networks at 
low cost and to create added value from big data analysis. In the 
steel industry, there has been a notable increase in the data capacity 
and the storage period of accumulated data from operation control 
systems and production management systems. As a result, sophisti-
cated environments have been built to collect and analyze various 
information across different systems. The steel industry has also de-
veloped technology to ensure stable measurements in its harsh envi-
ronment, resulting in improved quality of actual operation data. Ef-
fective use of this data is expected to improve quality and productiv-
ity.

The steel industry produces diverse products with high produc-
tivity through various processes with strict operation restrictions. 
Since improvements have been made through accumulated techno-
logical development and operational knowledge, simply applying 
statistical analysis or machine learning is often insufficient to 
achieve better yield and higher productivity.

Nippon Steel Corporation has developed physical models based 

on fundamental principles and operational knowledge based on field 
experience over many years. To achieve further process improve-
ments, physical models based on physical and chemical knowledge 
must be used in combination with statistical analysis and machine 
learning. And highly compatible methods with operational knowl-
edge are also required. The research and development departments 
of instrumentation and control in Nippon Steel have continued the 
research and development of data modeling technology that lever-
ages the strengths of both physical and statistical models. They have 
also tackled the research and development of advanced operational 
support through statistical analysis and machine learning using actu-
al operation data. This paper introduces the data-driven model tech-
nology based on actual operation data and the cases in which the 
technology is applied to process control and advanced operational 
support.

In Chapter 2, we introduce our process control initiatives with 
the data modeling technology that leverages the strengths of physi-
cal and statistical models. Chapter 3 describes our advanced opera-
tional support based on big data.

2.	 Process Control by Data Modeling Technology
When it comes to quantifiable quality indicators expressed 
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through numerical values of dimensions (such as thickness and 
width) and temperature of steel products, the steel industry widely 
implements predictions and controlling processes using physical 
models based on physical and chemical principles. However, appli-
cation of these physical models based on theories or experiments to 
actual processes requires adjustment of the models to fit the real 
equipment and processes. To adjust the errors of physical models 
and as alternatives to physical models, control models based on re-
gression equations are widely used.

Physical models clearly show how their configurations and 
mathematical equations correlate with actual processes. They are 
convincing but cannot represent all of the actual phenomena. Also, 
they sometimes lack accuracy. On the other hand, statistical models, 
including machine learning models, are based on actual process data 
and easily obtain high accuracy. Nevertheless, their correspondence 
with actual processes is not always clear or is less descriptive. In ad-
dition, their low accuracy and reliability for new operating condi-
tions and materials are problematic.

Therefore, gray box modeling by combining physical and statis-
tical models has been developed to improve accuracy while ensur-
ing descriptiveness for processes. 1) This gray box was named by 
mixing both the black box meaning low descriptiveness of the sta-
tistical model and the white box meaning high descriptiveness of the 
physical model.

Various types of gray box modeling methods can be considered. 
The following are the main methods applied to actual operations.

First, as shown in Fig. 1 (a), the errors of the physical model are 
corrected by the statistical model to improve the prediction accura-
cy. This method builds the statistical model to predict errors by us-
ing the actual data of the physical model prediction errors.

Next, as shown in Fig. 1 (b), the parameters of the physical mod-
el are set by the statistical model. This method is suitable when the 
physical model can express the qualitative characteristics of the pro-
cess but when it is difficult to set parameters in the actual process. 
In such a case, the parameters of the physical model are estimated 
from operation results by some method, and the statistical model is 
prepared to predict the parameters.

The above two cases are introduced in the following sections.

2.1	Technology for correcting physical model by statistical model
We introduce two technologies that improve the model predic-

tion accuracy by correcting errors in the physical model using the 
statistical model in the first configuration of gray box modeling (Fig. 
1 (a)).

The first technology uses an automatic stratification control 
model construction method to build a statistical model. 1–3) This 
method creates a nonlinear model by dividing the operation factor 
space into regions and superimposing nonlinear relationship equa-
tions (weighted averages) in divided local regions. The divided re-
gion structure is characteristic in that the overall picture of the mod-
el can be grasped to some extent. However, a certain number of data 
is required to build the model.

The other is a technology that constructs a statistical model by 
applying case-based modeling technology for building a model 
based on past empirical values, actual values, and input-output rela-
tionships. This method stores a large amount of data, including ex-
planatory variables, in a database, extracts data with similar condi-
tions from the database when necessary, and creates a local regres-
sion model. It is mesh-free (no need for region segmentation) and 
enables the construction of a model even when the number of data 
is small. However, it isn’t easy to understand the overall aspect of 
the model.

When applying the technology for correcting errors in a physical 
model with a statistical model, an appropriate method is used by 
considering the abovementioned characteristics.

2.1.1	Hot-rolling crown and shape set-up with data modeling 
technology

Many statistical models used in actual operations use multiple 
models stratified by production conditions and other conditions to 
meet nonlinearity of processes. However, constructing these strati-
fied models based on factors such as stratum conditions often relies 
on human experience and trial and error. As a result, the work load 
of model adjustment is high, and accuracy deterioration due to the 
diversification of product types becomes a problem. Therefore, we 
developed a method for building an automatic stratified control 
model using past operation data. This method produces a nonlinear 
model y^ by superimposing (weighted average) linear relationship 
equations y^ i within local regions where the operation factor space is 
divided. The weight function Φi is automatically generated from ac-
tual data to build a highly accurate control model by minimizing the 
number of stratifications.

	 y^ = ∑ (wi0 + wi1 u1 + wi2 u2 + ... + wip up) Φi ( u )	 (1)

			     y
^

i 
where u = (u1, ..., up) is an explanatory variable, M is the number of 
region divisions, and wij is a regression coefficient.

Figure 2 shows an example of a weight function that segments a 
two-variable space into three regions. The entire model can repre-
sent continuous and smooth characteristics by using a weight func-
tion that provides smooth region boundaries, as shown in Fig. 2. 
There is a method of selecting segmentation candidate points from 
among the points that equally divide the regions or the points that 
equally divide the number of data in the regions. It is also possible 
to provide segmentation candidate points according to prior physical 
knowledge or operational criteria. This approach enables construct-
ing a model incorporating prior knowledge and with improved ex-
plainability.

With this method, it may take time to search for segmented re-

M

i = 1

Fig. 1   Various configurations of gray box modeling
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gions, but prediction calculations by model equations after the re-
gion segmentation is determined are fast. Also, since only the 
weight functions and regression coefficients need to be calculated, 
there is no need to keep the actual result data. Furthermore, by re-
cursively learning the regression coefficients, it is possible to follow 
operation fluctuations.

As an application example of this method, hot-rolling crown and 
shape set-up technology 3) is described below.

In hot finisher rolling, the strip crown must be held within the 
product tolerances at the exit of the last rolling stand, while the strip 
shape is contained within the stable strip threading range at the exit 
of each rolling stand. It is essential to properly set each rolling 
stand’s crown and shape controllers (pair cross angle, work roll 
bending force, etc.) or to determine the crown and shape schedules 
properly. Mathematical optimization effectively sets the strip crown 
and shape within the controllable range by considering the up-
stream-to-downstream effects of crown and shape changes. Further-
more, to improve the predictive accuracy of strip crown, we devel-
oped crown and shape set-up technology in combination with physi-
cal model correction by data modeling technology using past actual 
results.

The crown and shape schedules from the finishing mill entry 
side to the finishing mill exit side can be determined appropriately 
by mathematical optimization such as quadratic programming after 
deriving linear expressions concerning the strip crown control vari-
able (zi) of each rolling stand from physical models 4) concerning the 
strip crown and shape (elongation difference ratio) before and after 
each rolling stand (Fig. 3). If the constraint conditions cannot be 
satisfied within the controllable ranges, it is possible to find feasible 
relaxation solutions by introducing constraint relaxation amounts or 
to find solutions by expanding the problem to include the strip thick-
ness schedule as a decision variable.

The strip crown and shape are predicted according to physical 
models. In a real mill environment, it is difficult to determine the 
thermal expansion and wear of the rolls in operation and to obtain 
sufficient accuracy. Therefore, the physical models were corrected 
using past actual result data by an automatic stratification control 
model construction method. However, if this approach is applied as 
is, nonlinear optimization or linear approximation is required to de-
termine the crown shape schedule.

This time, the explanatory variable u = (u1, ..., up) of the correc-
tion model was divided into the variable u1 = (u1, ..., up1

) that does not 
depend on the strip crown control amount and the control variable 
u2 = (up1+1, ..., up) that depends on the strip crown control amount. It 
was confirmed that the accuracy of the correction model did not 

change when the operation factor space was divided only by u1 (Fig. 
4). By using this correction model, the crown correction amount to 
determine the crown and shape schedules can be expressed linearly 
concerning u2 by fixing u1. Even with quadratic programming, the 
optimal solution can be obtained quickly without deteriorating pre-
diction accuracy (Fig. 5).

In an actual mill, parameter errors and process variations occur. 
Therefore, the prediction errors are recursively learned, and the 
crown correction model is updated. The coefficient wij of the linear 
relationship equations in the local regions is recursively corrected 
with the weight coefficient Φi fixed. As a result of application to an 
actual mill, the crown prediction accuracy was improved by about 
30% compared to the physical model (Fig. 6).

Fig. 2   Example of weight function
Fig. 3   Crown and shape schedule set-up

Fig. 4   Comparison of model variations

Fig. 5   Combination of data modeling and quadratic programming
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2.1.2	Plate cooling temperature control by using data modeling 
technology

Another method for correcting the physical model by the statisti-
cal model is introduced here. We developed a method for building a 
local regression model to estimate the model prediction error using 
past operation data with similar production conditions that is ex-
tracted from a database where large amounts of operation result 
data, including past production conditions, are stored. This method 
does not divide the operation factor space into several regions like 
the aforementioned automatic stratification control model construc-
tion method. When extracting data similar to the current production 
conditions, the distance di between the production conditions of op-
eration result data No. i stored in the database, and the current con-
ditions is evaluated for similarity by the weighted Euclidean dis-
tance of Eq. (2).

	 di = √ ∑ wj 
.
 (xi, j − xn, j) 

2			   (2)

where m is the number of explanatory variables, j is a subscript for 
an explanatory variable, xi,j is an explanatory variable for the condi-
tion of operation result data No. i, xn,j is an explanatory variable for 
the current condition, and wj is a weight factor.

A certain number of data with small distance d is extracted. Us-
ing the extracted data set, regression coefficients of the relationship 
equation (3) between the model prediction error e, which is the re-
sponse variable, and the explanatory variable xj are calculated to 
build a local regression model.

	 e = a0 + ∑ aj 
.
 xj				    (3)

where a1, a2, ..., am are regression coefficients.
When the regression coefficients are obtained by using data sets 

with similar production conditions, the conditions that serve as ex-
planatory variables are biased. Consequently, this may cause multi-
collinearity problems where there are highly correlated combina-
tions of explanatory variables. This is not desirable from the view-
point of application to online control. For this reason, a local regres-
sion model is built by applying the partial least squares (PLS) re-
gression method that can eliminate the adverse effects of multicol-
linearity.

This way, the local regression model that corrects the model pre-
diction error can be built. For industrial applications, it is necessary 
to eliminate the probability that the estimated value of the local re-
gression model becomes abnormal and to increase the reliability of 
the local regression model. When estimating the prediction error of 
the physical model by the local regression model, the regression co-
efficients do not need to be accurate for the explanatory variables, 
and only the estimated value needs to be obtained with high accura-

cy. The idea of ensemble learning 5, 6) is applied here. Ensemble 
learning is a method of obtaining the final output by using the out-
puts of multiple models. When the weight wj of the distance func-
tion equation (2) is changed in various ways to extract similar data 
to the current production conditions, multiple data sets including 
different data can be extracted. In this way, changing the weight wj 
means changing the factors to be emphasized among the explanato-
ry variables when extracting similar data.

Next, as shown in Fig. 7, M local regression models are built us-
ing the respective similar data sets G1, G2, ..., GM. The estimated val-
ues e^ 1, e

^
2, ..., e

^
M of the model prediction errors under the current 

conditions are obtained from the local regression models. M−2 aver-
age values, excluding the maximum and minimum values from 
among the estimated values of M model prediction errors, are deter-
mined as the final estimated value e^ of the model prediction error.

Temperature control technology for accelerated cooling of steel 
plates is introduced below as an application example of this method.

Cooling temperature control uses a steel plate temperature pre-
diction model, including a water cooling heat transfer model, to pre-
dict the steel plate temperature after cooling. The plate cooling 
equipment is operated so that this predicted temperature becomes 
the target temperature. The steel plate temperature prediction model 
is built based on heat transfer phenomena. However, some factors 
are difficult to model, such as steel plate surface properties. As a re-
sult, temperature prediction errors occur. The steel plate temperature 
can be controlled with high accuracy by using a local regression 
model that estimates the temperature prediction error and correcting 
the calculation results of the temperature prediction model (physical 
model). As shown in Fig. 8, this technology calculates the predic-
tion error of the steel plate temperature prediction model after cool-
ing. Then this calculated prediction error is stored in a database to-
gether with production conditions and operation result data. Before 
the cooling of the next steel plate starts, production conditions and 
operation results in the preceding rolling process that are similar to 
the current conditions are extracted from the database, a local re-
gression model is built using similar data, and the model prediction 
error is estimated. In cooling control of the next steel plate, the tar-
get value of the control model is bias corrected for the model pre-
diction error estimated as described before. Then, the plate transfer 
speed and cooling water flow rate, which are the manipulated vari-
ables of the cooling equipment, are determined.

As mentioned, the steel plate temperature prediction model is 
built based on heat transfer phenomena, but some factors, such as 
steel plate surface properties, are difficult to model. Therefore, the 

m

j = 1

m

j = 1

Fig. 6   Comparison of model variations

Fig. 7	 Outline of ensemble learning using multiple local regression 
models
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factors responsible for the steel plate temperature prediction error 
are used as explanatory variables for the local regression model. 
Specifically, the factors (HF) considered responsible for the errors in 
the heat flux as boundary conditions between the cooling water and 
the steel plate, and the factors (PP) considered responsible for the 
errors in thermal conduction and latent heat of phase transformation 
in the steel plate were used as explanatory variables. Concerning 
these factors, the weight wj in the distance function equation (2) are 
changed for seven conditions, as shown in Table 1, and M = 7 data 
sets are extracted. The weight of some factors is doubled or quadru-
pled by reference to the condition W-1, and local regression models 
are built using the respective data sets.

Using this method, the prediction accuracy of the steel plate 
temperature after cooling is improved to 10.9°C as compared to 
17.2°C by the steel plate temperature prediction model (physical 
model), as shown in Fig. 9. This means that cooling temperature 
control can be executed with high accuracy.

2.2	Setting parameters of physical model using statistical model
Next, as an example of setting the parameters of a physical mod-

el using a statistical model, which is the second configuration of 
gray box modeling (Fig. 1 (b)), the use of a hierarchical Bayesian 
model to estimate the phosphorus concentration in the molten steel 
in the basic oxygen furnace is introduced below. 7)

In basic oxygen furnace (BOF) blowing control, the total oxygen 
volume and the fluxes input are specified so that the molten steel 
temperature and composition at the blow end reach the target values 
as required for secondary refining. After the carbon concentration 
and molten steel temperature are determined by sublance sampling 
and measurement at the blow end, the molten steel composition and 
temperature are sequentially estimated for dynamic control, and the 
blowing progress is estimated.

Controlling the phosphorus concentration in the molten steel at 
the blow end is also essential for steel quality control. It is necessary 
to estimate the phosphorus concentration as well as the carbon con-
centration. Because the phosphorus concentration at the blow end is 
lower than that at the blow start, change in the phosphorus concen-
tration [P] in the molten steel can be approximated by the following 

first-order reaction rate equation:

	  — = −kP × [P]				    (4)

The proportional constant kP is called the dephosphorization rate co-
efficient. Let [P]ini be the molten pig iron phosphorus concentration 
at the blow start and kP be the dephosphorization rate coefficient. 
Then, the molten steel phosphorus concentration at any time can be 
estimated from the first-order reaction rate equation by [P] = [P]ini × 
exp (−kp × t) (Fig. 10).

If the end point phosphorus concentration [P]end and blowing 
time tend are measured after blowing, the dephosphorization rate co-
efficient can be calculated by

	 kP = — ln —				    (5)

This dephosphorization rate coefficient kp becomes a value that 
characterizes the dephosphorization behavior. To estimate the mol-
ten steel phosphorus concentration for dynamic control, it is neces-
sary to accurately predict the dephosphorization rate coefficient dur-
ing blowing. The following multiple regression model is constructed 
where the operation factor Xi known until the sublance measurement 
is an explanatory variable and the dephosphorization rate coefficient 

d [P]
dt

1
tend

[P]ini
[P]end

Table 1	 Weight coefficient of explanation variable for ensemble learn-
ing simulation

Item No. W-1 W-2 W-3 W-4 W-5 W-6 W-7
1 (HF) 1 2 1 1 1 2 2

2, 3 (HF) 1 1 1 1 1 1 1
4–6 (HF) 1 1 2 1 4 2 1
7–10 (HF) 1 1 1 1 1 1 1
11–24 (PP) 1 1 1 2 1 1 2

Fig. 9	 Comparison of model prediction accuracy of plate finish cooling 
temperature

Fig. 10   Dephosphorization model

Fig. 8	 Correction of model prediction error using local regression mod-
el in plate cooling temperature control
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kp that can be calculated by Eq. (5) after blowing is an objective 
variable.

	 kP = a0 + ∑ ai × Xi				    (6)

where ai (i = 0, ..., I) is a multiple regression parameter, and I is the 
number of explanatory variables. Using this multiple regression 
model made it possible to estimate the molten steel phosphorus con-
centration from the sublance measurement until the blow end.

However, when the measured phosphorus concentration at the 
blow end and the estimated phosphorus concentration were com-
pared, the estimated phosphorus concentration was lower than the 
measured phosphorus concentration in the high phosphorous con-
centration range. It was feared that conditions unfavorable for de-
phosphorization were not sufficiently reflected in the multiple re-
gression parameters.

Therefore, we concentrated on the molten steel temperature 
known to affect dephosphorization qualitatively and studied how to 
reflect this consideration in the multiple regression model. We as-
sumed that the molten steel temperature at the blow end is suffi-
ciently close to the target temperature and that the multiple regres-
sion parameters interact with the target temperature. In addition, one 
multiple regression parameter should have the same symbol as long 
as it remains within the target temperature range. If the target tem-
perature is different, the contribution of one operation factor to de-
phosphorization should be qualitatively the same. These were set as 
improvement requirements.

As a hierarchical Bayesian model is suitable for satisfying these 
requirements, the following model was constructed.

	 kP, n ~ N (a0 + ∑ ai × Xi, n , σY
2)      (n = 1, ..., N)	 (7)

	                ai = a
_

i + bi × Zn      (i = 0, ..., I)
	                bi ~ N (0, σi

2)
	                σi ~ N+ (0, νi

2)
where N (μ, σ2) represents the normal distribution of the mean μ and 
the variance σ2, N+ is a half-normal distribution, N is the number of 
data, and Zn is the target temperature. A noninformative prior distri-
bution and a weakly informative prior distribution were set for σY 
and a

_

i, respectively. A predefined positive constant was set for νi. 
Furthermore, the maximum a posteriori probability estimate of the 
interaction parameter was used to estimate the molten steel phos-
phorus concentration during dynamic control.

This change was confirmed to improve the prediction accuracy 
of the phosphorus concentration at the blow end by 26% in the root 
mean square error (RMSE) (Fig. 11).

3.	 Advanced Operational Support Based on Data
It is difficult to construct models for judging events such as op-

eration and equipment anomalies based on physical models. In 
modeling, relatively small numbers of operation and equipment 
anomaly data are mixed in with large numbers of normal operation 
and equipment data. A modeling method is required to detect abnor-
mal data accurately when the number of normal and abnormal data 
is imbalanced (imbalanced data). When an anomaly occurs, various 
factors are considered to be intricately intertwined. It is thus difficult 
to gain higher performance with a simple linear regression model. 
Even if the occurrence of an operation or equipment anomaly is suc-
cessfully learned and detected using a flexible and complex model, 
why the model has reached such a judgment is black boxed and is 
poor in interpretability. There are problems with the inability to 
identify factors and formulate improvement actions.

Considering the above issues, we developed a method for accu-
rately modeling operation fluctuations and equipment anomalies 
that occur infrequently with reasonable accuracy, an interpretation 
method for extracting anomaly factors from model judgment results, 
and an advanced operation support framework for recommending 
appropriate change action amounts of main factors. The developed 
framework is described below by using the analysis of coke clog-
ging as an example.

3.1	Framework to support analysis of coke clogging
During coke oven operation, the carbonization of coal and push-

ing of coke after carbonization are conducted daily and on an oven-
by-oven basis. Let us consider the case where the load of the pusher 
is affected by the process results such as coal properties, oven tem-
perature, carbonization time, and the oven condition in a pushing 
operation i, xi = (xi1, xi2, ..., xip). The anomaly state when the pushing 
load exceeds the threshold value is labeled yi = 1, and the normal 
state when the pushing load does not exceed the threshold value is 
labeled yi = 0. If coke clogging occurs, it significantly damages the 
operating cost and equipment regarding its maintenance. When this 
anomaly state is reached, appropriate operation action improvement 
is required.

The developed framework is shown in Fig. 12. First, a model m 
that outputs the anomaly probability is learned from the past opera-
tion results variable data X = [x1, x2, ..., xn]

T and the corresponding 
past anomaly state y = [y1, y2, ..., yn]. Next, the anomaly probability 
Pr [yj = 1 | xj] is determined by inputting the operation variable xj of 
the pushing operation j through the model m. Next, the contribution 
degree of the operation variables xj1, ..., xjp to the anomaly probability 
is determined. The operation variables with high contribution de-

I

i = 1

I

i = 1

Fig. 11	 Comparison of model prediction accuracy of phosphorus con-
centration Fig. 12   Proposed framework of data-driven operation analysis
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grees are extracted as a main factor group. Lastly, the action amount 
that reduces the pushing load for each main factor is visualized and 
recommended. The details are explained in the following sections.

3.2	Coke clogging anomaly detection machine learning model 
considering imbalanced data
In machine learning, the parameters are optimized to minimize 

the loss function using all available data during learning. In our 
present case study, the number of anomaly data is small and whole 
data is regarded as imbalanced data. The loss function becomes 
small if most of the normal data (y = 0) is correctly detected. This 
might prevent the anomaly data from being detected.

With the proposed method, as shown in Fig. 12, the normal data 
that accounts for the majority of imbalanced data is undersampled. 
Sub-datasets are created by increasing the proportion of anomaly 
data compared to the normal data and are used for learning. This ap-
proach is expected to improve the detection accuracy of anomaly 
data. However, there is a possibility that the model will overfit due 
to the reduction of the data in sub-datasets caused by undersam-
pling. Therefore, as illustrated in Fig. 13, hyperparameter tuning is 
employed to create simpler models. These multiple models are com-
bined to form a majority voting ensemble model to avoid overfit-
ting.

3.3	Extraction of coke clogging anomaly factors using machine 
learning explanation method
The anomaly probability Pr [yj = 1 | xj] is obtained by using the 

operation variable xj of the analysis target operation j as input to the 
model m trained as described in the previous section. The contribu-
tion degree to a certain operation variable xjk is calculated by consid-
ering the degree by which the anomaly probability decreases when 
xjk is replaced with the average value of normal operation data. By 
calculating the contribution degree of xj1, …, xjp, the influence of a 
single operation variable on the anomaly probability can be evaluat-
ed.

Additionally, when the anomaly probability increases with a 
combination of multiple operation variables, the contribution degree 
decomposition by SHAP (SHapley Additive exPlanation) 8) is ap-
plied. The prediction generated from the proposed machine learning 
model is difficult to interpret. It is decomposed into the sum of the 
contribution degrees φ for the respective operation variables, as 
shown in Eq. (8). This allows for extracting major factor groups ac-
cording to the relative size of their contribution degrees.
	 Pr [yj = 1 | xj] = m (xj1, xj2, …, xjp)
		       = φ0 + φj1 + ... + φjp		  (8)

3.4	Visualization and recommendation of appropriate action 
amounts
For the contribution degrees φj1, …, φjp of the operation variable 

xj of the analysis target operation j, for example, the l operation val-
ues with decreasing contribution degrees are selected as the main 
factor group. The action amount is determined for each of the l main 
factor group variables as improvement action targets. First, using 
p – l variables outside the action targets, operations similar to the 
analysis target operation j are selected from past normal operations. 
Since the units and dimensions may differ for each operation vari-
able in determining the similarity, each variable is normalized. For 
example, the L2 norm is calculated as the similarity criteria and the 
data below the threshold are considered similar operations. Figure 
14 (a) shows a plot example of the analysis target operations and the 
normal similar operations when l = 2. Next, as shown in Fig. 14 (b), 
the normal similar operation points are grouped into rectangular re-
gions on the main factor plane. The average pushing load value in 
the group is displayed on a color scale.

To recommend the appropriate action amount, the standard error 
of the average pushing load is calculated from the number and vari-
ability of similar normal operation data included in these groups. 
The action amount for the next operation should be the lowest push-
ing load average value among the groups whose standard error is 
below the threshold (indicated by a star in Fig. 14 (b)).

4.	 Conclusions
We introduced typical cases where data-driven models based on 

Fig. 13   Training of ensemble ML model considering imbalanced data

Fig. 14   Visualization and recommendation of optimal action



NIPPON STEEL TECHNICAL REPORT No. 131 October 2024

- 25 -

operation result data have been applied to steelmaking process con-
trol and advanced operational support. We have promoted the devel-
opment of operation result data utilization technologies in combina-
tion with process and operational knowledge, and physical models. 
In this way, we have contributed to improving yield and productivi-
ty. The development of artificial intelligence technologies, including 
machine learning, is remarkable. We will continue to incorporate 
such innovative technologies to contribute to the advancement of 
our operations.
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