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1.  Introduction

In steelworks, the amount of energy required for 
production is not constant and varies greatly depend-
ing on production conditions.  In addition to purchased 
energy such as heavy oil, liquefi ed natural gas (LNG), 
liquefi ed petroleum gas (LPG) and electricity, steel-
works consume a wide variety of energies, including 
by-product energy (by-product gas, steam, electricity, 
etc.) generated in production facilities.
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Many steelworks outside Japan cannot reliably measure the energy of individual pieces of equipment.  As a re-
sult, it has not been possible to visualize the energy of the entire steelworks.  This has hindered accuracy in demand 
prediction and has caused their optimal operation plans for energy savings to be less effective.  To improve this situa-
tion, Fuji Electric has developed a new AI-based forecast method that steelworks can apply even if they cannot mea-
sure the energy of individual pieces of equipment.  The package mainly consists of functions for modeling, visualiza-
tion, optimal operation and demand forecast.  It uses an optimization calculation engine to create optimal operation 
plans for operators to save energy.

A steelworks’ energy management department 
plays a key role not only in balancing the supply and 
demand for purchased energy and by-product energy, 
which mutually affect each other, but also in reduc-
ing energy consumption and greenhouse gas emissions 
through optimal control.

Fuji Electric released an energy management sys-
tem (EMS) solution(1) for the steel industry in 2011.  
This solution uses a forecasting model and plant model 
to predict the demand of multiple kinds of energy for 
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Fig.1  “EMS-Package” overall processing fl ow
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energy management departments in order to enable it 
to create an optimal operation plan and execute auto-
matic control based on the plan.

Furthermore, we have developed “EMS-Package(2)” 
especially designed for steelworks outside Japan that 
predicts energy demand based on a minimum amount 
of past plant operation data and information input on 
plant equipment information and characteristics so 
that it can automatically output an optimal operation 
plan periodically (every 30 minutes) based on the re-
sults.  Using the optimal operational plan allows steel 
works to reduce the cost of purchased energy.

However, in many overseas steelworks, the energy 
consumption of individual pieces of equipment has not 
been measured yet, and this has hindered the visu-
alization of the energy of the entire steelworks.  As a 
result, the accuracy of demand forecasting has not im-
proved, and the effect of the optimal operation plan on 
energy savings is low.

Therefore, we have developed an AI-based fore-
casting method and added its functionality to our 
EMS-Package so that it can be applied to overseas 
steelworks where the energy consumption of individual 
pieces of equipment is not being measured.  Figure 1 
shows the overall processing flow of this package.

2.  Main Features of “EMS-Package”

The package is characterized by the following four 
features:
(1)  Modeling (information sheets, automatic model 

generation)
(2)  Visualization (offline and online)
(3)  Optimal operation (boiler fuel distribution)
(4)  Demand forecasting

2.1  Modeling
The package allows users to easily build their own 

models.  First, the user enter the information on power 
generation equipment, such as boilers, turbines into a 
specific format in the “information sheets” of the stan-
dardized OA tool Excel*1.  The information includes the 
number of units, equipment characteristics, equipment 
interconnection information (energy sources and supply 
destinations), and purchased energy cost.  With past 
operations performance data input, models are then au-
tomatically generated.  The following six optimal mod-
els can be generated for each energy saving task:
(1)  Purchased power cost
(2)  Power reception cost
(3)  By-product gas emissions amount
(4)  Boiler combustion distribution
(5)  Turbine steam distribution
(6)  Turbine extracted steam distribution

2.2  Visualization
The offline visualization feature uses the six op-

timal models to convert past performance data into 
respective energy costs.  By plotting the results on a 
graph, users can visualize potential improvement in 
energy savings during operation.

The online visualization feature can communicate 
with existing plant equipment using the open platform 
communications (OPC) interface.  The present sta-
tus of the plant collected in real time and the energy- 
saving status after optimized operation can be dis-
played simultaneously, making it possible to visualize 
the effects of energy-saving operations.

2.3  Optimal operation and online visualization
To achieve optimal operation, the package collects 

plant’s actual data (performance data) online and cre-
ate an optimal operation plan (energy distribution) for 
the power plant every 30 minutes for up to 24 hours 
in advance using the package’s optimal calculation 
engine.  Operation according to this optimal operation 
plan will help achieve energy savings.

2.4 Demand forecasting
Many overseas steelworks measure only the total 

amount of by-product gas produced, not the amount on 
a per converter basis.

In addition, many steelworks use mixed gas (MIX 
gas), which is a mixture of various by-product gases 
such as blast furnace gas, converter gas and coke gas, 
in power generation facilities and coke plants, and 
then store the remaining MIX gas in MIX gas holders.

Operating steelworks according to the optimal op-
eration plan that precisely predicts the storage volume 
(level) of the MIX gas holder will make it possible to 
reduce the amount of surplus by-product gas released 
into the atmosphere and the use of purchased energy, 
such as heavy oil, LNG, LPG and electricity, thereby 
reducing operating costs.

In order to improve the accuracy of predicting the 
level of MIX gas holders, we developed a forecasting 
method using linear regression in FY 2018 (prediction 
error rate of 7% to 8%).  In addition, in FY 2019, we 
also added an AI-based forecasting method that uses 
nonlinear regression to our line-up in order to reduce 
the prediction error rate.

3.  Comparison of Regression-Based Forecasting

This section provides the prediction accuracy for 
the forecasting method using linear regression and the 
forecasting method using AI-based nonlinear regres-
sion.  Figure 2 is a schematic diagram of an overseas 
steelworks plant where the accuracy of prediction was 
verified for the linear regression forecasting method.

3.1  Linear regression forecasting method
In order to accurately forecast the level of the MIX 

*1:   Excel is a trademark or registered trademark of Microsoft 
Corporation
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gas holder [see Fig. 2(5)], it is necessary to improve 
the accuracy of predicting the amount delivered from 
the converter gas (gas supply from the converter gas 
holder to the boiler) [see Fig. 2(2)].  Since the converter 
utilizes a batch processing, it is desirable to predict the 
amount of generated converter gas [see Fig. 2(1)] us-
ing the operation plan of the converter.  However, due 
to circumstances surrounding the equipment, we were 
unable to obtain an operation plan.  Therefore, we used 
the linear regression method to predict the delivery 
amount of the converter gas [see Fig. 2(1)] based on 
the five pieces of information:  the delivery amount of 
converter gas at the present time [see Fig. 2(2)] and the 
usage amount of oxygen gas [see Fig. 2(3)] and convert-

er gas holder level [see Fig. 2(4)] at the present time 
and five minutes beforehand. 

Figure 3 shows the prediction error rate of the MIX 
gas holder level calculated from the actual results and 
the predicted results from the delivery amount of con-
verter gas.  This resulted in an error of 7.76%.

3.2  Nonlinear regression forecasting method (AI-based 
prediction)
When the holder capacity is small, the operator 

must constantly adjust the gas delivery amount to 
keep the holder level in the acceptable range, as shown 
in Fig. 4.  If the error in the predicted values of the 
MIX gas holder level is large, there will be wasteful en-
ergy consumption as follows:

(a)  If the upper level limit is exceeded, the MIX gas 
holder will emit the gas into the atmosphere.

(b)  If the lower level limit is exceeded, the MIX 
gas holder cannot supply the gas to the boiler, 
resulting in reduced power generation.  There-
fore, it would be necessary to use heavy oil to 
generate electricity or to increase the amount of 
electricity purchased and received.

In order to reduce the above-mentioned wasteful 
energy consumption, a level of accuracy higher than 
that of current linear regression forecasting is needed.  
Therefore, we deliberated a new forecasting method 
that makes use of AI (nonlinear regression method).  
As a result, we reduced the prediction error rate from 
7.76% or less using linear regression to 6% or less us-
ing nonlinear regression.  This enabled us to prelimi-
narily calculate a yearly cost savings of 31 million yen.

We performed correlation analysis using the MIX 
gas holder level at an elapsed time of 15 minutes as 
the objective variable and the actual present values of 
each piece of equipment as input variables, including 
total converter gas delivery amount, total blast furnace 
gas delivery amount, total boiler load, total hot blast 
stove load, and total coke plant load.

In general, the closer the correlation coefficient is 
to ±1, the stronger the correlation and the higher the 
prediction accuracy.  However, input variables that 
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Fig.2    Schematic diagram of demonstration plant using a linear 
regression prediction method
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Fig.3  Trends concerning actual and predicted values
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Fig.4  Necessity of improving prediction accuracy
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that the predicted values with the linear regression 
model were in close agreement with the actual values.

4.  Considerations regarding Applicable 
Forecasting Methods

In order to achieve high accuracy in the prediction 
for the data of each individual piece of equipment 15 
minutes in advance, we considered the three different 
forecasting models shown in Table 1:  linear regression 
based partial least squares (PLS), AI-based nonlinear 
regression just-in-time (JIT), and deep learning (DL).
(1)  Prediction for each piece of equipment 15 minutes 

in advance
Table 2 shows the 15-minute-in-advance predicted 

results (prediction error rate) for each piece of equip-
ment shown in Fig. 8 for the (a) total converter gas de-
livery amount, (b) total blast furnace gas generation, 
(c) total blast furnace gas load and (d) total coke plant 
load.  We confirmed that the prediction accuracy of JIT 
and DL, which are nonlinear regression, were higher 
than that of PLS, linear regression.
(2)  Prediction for the MIX gas holder level 15 minutes 

correlation with the MIX gas holder level at an elapsed 
time of 15 minutes, which is the objective variable, was 
only the MIX gas holder level at each point in time.  
The correlation coefficient of this case was 0.72, result-
ing in large variation as shown in Fig. 5.

Therefore, in order to increase prediction accuracy, 
we performed a correlation analysis by also using the 
actual values of each piece of equipment at each point 
in time as well as the actual values of each piece of 
equipment at an elapsed time of 15 minutes as the in-
put variables.  The correlation coefficient became 0.96, 
as shown in Fig. 6.

We found that if the data for each piece of equip-
ment could be accurately predicted 15 minutes in ad-
vance, then the MIX gas holder level could also be ac-
curately predicted 15 minutes in advance.

Figure 7 shows the trends of the predicted and ac-
tual values obtained by entering the actual data for 
each piece of equipment at an elapsed time of 15 min-
utes into the linear regression model.  We confirmed 
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Fig.6    Scatter diagram of correlation analysis using 15-minutes-
in-advance predicted values for each piece of equipment
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Fig.7    Trends of actual values and 15-minute-in-advance pre-
dicted values with linear regression model 

0 20 40 60 80 100
Actual value

100

80

60

40

20

0

P
re

di
ct

ed
 v

al
u

e

y = 0.516x + 30.381
R2 = 0.516

Fig.5    Scatter diagram of correlation analysis using actual val-
ues of each piece of equipment

Table 1  Applied forecasting model

Forecasting model Explanation Nonlinear

PLS
(  Partial Least 
Squares)

Partial least squares method Linear

JIT
(Just-In-Time)

This is a method for creating a 
local model based on the intra-
neighborhood data extracted 
exclusively from a database of 
past similar cases that are in the 
neighborhood of the target pre-
diction condition (request point 
data).

Nonlinear

DL
 (Deep Learning)

This is a method for representing 
the relationship between a pre-
diction target and input factors 
by means of a neuro model con-
sisting of units composed of an 
input layer, intermediate layer 
(hidden layer) and output layer.

Nonlinear
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5.  Postscript

In this paper, we described our “EMS-Package” as 
an energy control package that uses AI to improve pre-
diction accuracy.

Fuji Electric provides customers with the most 
advanced control technology and software technology 
(optimization technologies) based on its many years 
of experience in energy management at steelworks to 
achieve energy-saving operations with optimizing en-
ergy using.

We plan to continue contributing to energy savings 
and reduction of greenhouse gas emissions by introduc-
ing and popularizing our products at steelworks not 
only in Japan, but also abroad especially in India and 
China.
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in advance
When examining the forecasting methods for each 

piece of equipment and the MIX gas holder level, 
15-minutes-in-advance forecasts at each point in time 
were compared under the six conditions shown in Table 
3 using two days’ worth of data for each minute.  We 
used PLS and DL to predict the MIX gas holder level 
because DL impose less load on the server than JIT.

Table 3 shows the validation results that the 
method of using DL to predict each piece of equipment 
15 minutes in advance and then using the results to 
predict the MIX gas holder level 15 minutes in advance 
using PLS had the lowest prediction error rate of less 
than 6%.  We thus reduced the prediction error rate, 
in turn, helping steelworks to reduce the cost of pur-
chased energy.
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Fig.8    Schematic diagram of verification plant using nonlinear 
regression forecasting method

Table 2    Error rate of 15-minute-in-advance predicted values 
for each piece of equipment(%)

Energy of each piece of 
equipment

Prediction error rate (%)

PLS JIT DL

(a)   Converter gas delivery 
amount 7.71 7.34 6.73

(b)   Blast furnace gas  
generation 0.84 0.54 0.65

(c) Blast furnace gas load 5.67 4.02 3.83

(d) Coke gas load 1.41 1.33 1.17

Table 3    Verification results of the prediction error rate (%) of 
the MIX gas holder 

Case

Algorithm
Prediction error 

rate (%)Each piece of 
equipment

MIX gas holder
level

1 PLS PLS 8.10

2 JIT PLS 7.46

3 DL PLS 5.82

4 PLS DL 7.95

5 JIT DL 7.55

6 DL DL 6.89
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