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Abstract: Natural gas serves as the primary energy source for heating slabs in the Pusher Furnace prior to their rolling into steel plates. The
required quantity of natural gas for a 24-hour operational period must be estimated in advance. This study employs multifactor regression
analysis to develop a straightforward yet effective predictive equation for natural gas consumption, incorporating key variables such as
projected production, the number of slabs to be heated, effective operating time, and the average dimensions of the slabs over a 24-hour
workday. Extensive data collected over an extended period formed the matrix for determining the regression coefficients. The resulting
model demonstrates a high correlation coefficiens (R? = 0.99), underscoring the accuracy of the regression equation. This indicates that the
model reliably predicts natural gas consumption with minimal deviation from actual usage during a 24-hour workday.
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1. Introduction

Recently, in the energy market, companies are required to pre-
order the amount of energy they will consume for a 24-hour
workday. At MAKSTIL, which uses natural gas, it is necessary to
determine and plan the consumption in advance. Since natural gas
consumption directly depends on the produced tonnage of steel
plates, a correlation between production and natural gas
consumption can be established. This applies to an ideal scenario
with no production downtime and consistent dimensions. However,
in real production conditions at MAKSTIL, the largest steel plates
rolling program varies, and plates are produced in smaller batches
or with different dimensions. Additionally, effective operating time
rarely reaches 100%, and there is typically some downtime. During
downtime, the Pusher Furnace for heating slabs operates at a
reduced natural gas consumption rate for longer durations, while
during short durations, it operates at its normal rate. These factors
influence the natural gas consumption forecast, so the effective
operating time of the Rolling Mill is considered as the second
variable.

Another important factor is the number of rolled slabs. Each
slab release causes a slight delay that accumulates with the number
of released slabs. The average thickness and surface area of the
slabs loaded into the Pusher Furnace for a 24-hour workday also
affect natural gas consumption. By optimizing the dimensional
assortment of slabs, efficiency in using the thermal energy provided
by natural gas during combustion can be improved, leading to
reduced heat losses in the Pusher Furnace. According to these
parameters, using mathematical methods, a functional dependence
of the consumption of natural gas on production, effective time,
number of slabs rolled, average slab thickness, and surface area of a
slab in a thrust furnace can be established. Initially, the correlation
between the consumption of natural gas depending on production
will be determined, followed by multi-regression analysis where the
mentioned influential parameters will be taken into account, to
compare the magnitude of their influence. This comparison will be
evaluated through the error factor, representing the difference
between the consumed quantity of natural gas and the one
calculated using the obtained regression formulas. MAKSTIL has a
database of data from a longer period, recording the values of the
influential parameters of daily natural gas consumption for each
day. Using this database, a passive experiment can be conducted
using mathematical statistical processing to develop a mathematical
model with regression analysis. Processing the data through
regression analysis and obtaining a numerical value of the
correlation coefficient will assess the reliability of the mathematical
model, i.e., the regression equation. Assuming a linear dependence,
the simplest dependence of natural gas consumption as a dependent
variable on production, the effective time, the number of slabs, and
the average dimensions of slabs in the Pusher Furnace as
independent variables, will be considered. If the data processing
results in a high correlation coefficient after obtaining the

regression coefficients, the regression equation will be adopted as
reliable and useful for predicting the daily consumption of natural
gas under predicted conditions of daily operation of the plant (Plate
Rolling Mill). The same formula will be used to check the real
consumption of natural gas, including real achieved independent
variables to assess the reliability of the regression formula. If the
calculated and achieved consumption varies within £5% with a
higher frequency of deviations within +2%, it can be concluded that
the mathematical model successfully predicts the consumption of
natural gas under practical operating conditions. Additionally, it can
have applicative application, with the possibility of further
improvement and refinement of the formula through the use of a
database for processing after a specified period, using the same
methodology of mathematical processing.

2. Passive experiment design using regressive
analysis

The collected data recorded in the database can be process as a
matrix MxN from dependent and independent variables, where X;,
Xy, X3 ... X1 are independent variables, and Xy, or signed as Y,
which represent dependent variable, in which M is the number of
dependent and independent variables, and N is the number of
observations. The natural gas consumption is a function of
production, effective time, number of slabs rolled, average slab
thickness and average slab area, which are the independent
variables. Natural gas consumption is the dependent variable.
Signification of X and Y variables for better understanding can be
shown on, so called matrix of entry data as below:

Table 1: Matrix of entry data with signification of X and Y variables

X1 X2 Xs Xa Xs Y
= Prod. Eff_tm No_Slabs Avg_Thk Avg_Area NGC
b tons % - mm m? Nm®
1 752 82.92 247 186 2.19 36958
2 1247 95.69 223 231 3.10 50138
N 1535 95.71 210 246 3.79 58834

In total, 327 observations were used in this work. The matrix of
entry data, constructed from the obtained values, can be used in a
computer software for calculating the regressive coefficients for a
linear model. A simple multiple regression seemingly as below:

Yreg = Do +01X1 + D2X5 + b3X3 + byXy + bsXs

or in accordance with the nomenclature of the Table 1
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NGC=bg+b;Prod+h,Eff_tm+bzNo_Slabs+b,Thk_avg+bsArea_avg
[Nm?]

The values of regressive coefficients will be determinate
according Gauss's method of minimum squares. Also, will be
calculated and the coefficient of correlation, which its value
represents the model accuracy and standard error of the regression
coefficients.

In the analysis data from 1925 working days of heating slabs
and rolling plates were taken. The intervals of variation of the
variables are shown below:

Table 2: Intervals of variation of the used variables

X1 Xz X3 X4 X5
Interval of | Prod. | Eff_tm No_Slabs Avg_Thk Avg_Area
variation
tons % - mm m?
Min 40 10.00 10 150 1.30
Max 1600 99.00 330 290 4.00

From the input data matrix for 1925 days of production, a new
input data matrix was processed, where the data are grouped by the
variable Production in step of 5 tons and then in each group, all
dependent and independent variables are averaged. Thus, a new
reduced and refined input data matrix was obtained, which amounts
to the 327 observations.

3. Results of regressive analyses

The results of the regressive analysis, with data processing
where 327 observations and with 95% probability are obtained
using software application for regressive coefficients determinate
attained are presented in Table 3.

Table 3: Obtained values and standard deviation of regression coefficients

Independent | Free X Xz X3 X Xs
variables
bo b1 bz ba b4 b5

Val.reg.coeff 25426 34.09 -92.20 7.69 -33.54 -929
Stand.error

1093 0.72 15.02 4.12 5.76 278
reg.coeff.

Thus, the regression formula would look like this:

NGC = 25426 +34.09X; — 62.20X, + 7.69X5 - 33.54X,—929Xs  [Nm?]

where, NGC is natural gas consumption.
The obtained correlation coefficient R? is: 0.993

Standard practice of work and consumption of natural gas by
heating slabs in a Pusher Furnace previously indicated that there is a
direct dependence on the amount of tonnage of plates production,
i.e., the weighted number of slabs that are heated for a 24-hour
workday. However, the task in this work is to see the impact of
other parameters that we have already mentioned. Therefore, the
next thing we will do is to perform a regression analysis of the data
with one variable, i.e., the dependence of natural gas consumption
on the production only. The regression formula for natural gas
consumption on production is:

NGC = 17096 + 26.66X, [Nm?]

Standard error for free coefficient is 141 and standard error for
the coefficient X;(Prod) variable is 0.154. The obtained correlation
coefficient R? is; 0.989

4. Checking the confident of the regression
formula and discussion

Looking at the pre sign of the regression coefficients, it can be
seen that the effective time and average dimensions of the slabs that
were heated in the Pusher Furnace have a negative sign, which
means that the higher the values of these parameters calculate a
lower natural gas consumption, while the higher the production in
tonnage and the number of slabs, calculates a higher natural gas
consumption.

The next step is, checking the mathematical models with
comparing the deviations between measured and calculated NGC
values. The percentage deviation we will calculate and called that as
%Error for each observation like below:

NGCmeas - NGC::alc

%Error = CNG
meas

-100[%]

The percentage deviation on the tabulation according to the
regression formula for one and five variables, according to the
above formula, can be presented as in Fig. 1 where, from the picture
can be seen that the largest cases of deviation are between +3.00%
there is a smaller amount of %error at the regression formula with
five variables.

Fig. 1. The amount of error for each observation from formula with one
and five variables
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With this calculated %error for each observation, a error
frequency diagram can be constructed, which shows the frequency
of cases or percentages with %error in the interval of +6.00%
distributed in step size per +1.00%. The percentage deviation was
calculated for each observation with data entry and incidentally data
entry.

Fig. 2. Frequency of the error distribution from used formula with five variables
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Histogram of the %error frequ%ncy, one var. regression formula
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Table 3: Checking the regressive formula on the %Error frequency from the entry

data
Error freq .entry o
data(328 observ,) +0% +1% +2% +3% +4% 5% 6% >16%
Cases 78 122 62 24 19 15 4 3
e} o
=
-E § 2 é Percent 23.85% 37.31% 18.96% 7.34% 5.81% 4.59% 1.22% 0.92%
Cases 73 113 62 29 17 11 14 8
L8 8
=
SSE§ Percent 22.32% 34.56% 18.96% 8.87% 5.20% 3.36% 4.28% 2.45%

From the analysis from Fig. 1, Table 3 and histogram Fig.s, it
can be concluded that linear regression with 5 variables more
accurately describes the consumption of natural gas and can be
freely used for practical application. Since we have adopted a
regression formula with five variables, we will perform a check
with other observations whose data were not included in the input
data for determining the regression coefficients.

Table 4: Checking the regressive formula on the %error frequency from
random data (88)

Error freq .entry ®
data (328 observ,) +0% +1% +2% +3% +4% 15% 16% >16%
Cases 30 34 8 8 4 1 2 1
=
g 384 Percent % 0 9, o, o o o,
I>350 34.09% 38.64% 9.09% 9.09% 4.55% 1.14% 2.27% 1.14%

With the calculated the percentage deviation for each
observation an %error frequency diagram can be constructed that is
shown on Fig. 4. The derived regression formulas were validated
using random data values for independent variables with values
ranging within previously established limits i.e. data, which are not
included in the calculations of the regressive coefficients. These are
checking data or incidentally or random data. The number of
incidental data was 88 observations. In all cases from Tables 3 and
4, it can be seen that the sum of positive and negative errors mostly
appears at the value +1%, which is absolutely satisfactory. On the
Fig. 4, we can see that the great number of results of the %error
from random data, which are included inside histogram performed
of the results of entry data.

Fig.4. Frequency of the error distribution from entry and random data

Histogram of the %error frequency from entry and random
data
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The information obtained with checking the regressive formula
with data entry for regressive coefficients calculation shows that in
both cases the error in approximately 98% of the all observations
doesn't outreach the limit of percentage deviation +5%. According
to this data and the high correlations coefficient the conclusion is
that the regressive formula describes the relativity very well. The
regressive formula can be used for constructing quite successful
practical diagrams.

The information obtained with checking the regressive formula
with random data entry shows that, in cases of the error in
approximately 96% of all random data observations doesn't
outreach the limit of the percentage deviation +5%, According to
this and to the high correlations coefficients the conclusion is that
the regressive formula describes the relationship very well. The
regressive formula can be used for constructing quite successful
practical diagrams explaining the quantitative influence of the
which are influential parameters on the natural gas consumption for
slabs heating in a Pusher Furnace.

5. Conclusions:

e Animproved method has been developed for predicting natural
gas consumption for slabs heating in a Pusher Furnace, ahead
of plate steel rolling.

e The proposed method allows for the optimization of
production and scheduling aspects.

e The method involves a multivariable model which uses five
variables, yet remains relatively simple, compared to the
conventional method which involves one variable.

e  The correlation coefficient of the new method indicates a clear
relationship between natural gas consumption, production
levels, plant operating time, and the quantity and size of slabs
over a 24 hours period.

e  While both the conventional model and the new model, can
predict the value of the of natural gas consumption with
reasonable accuracy (>95%), the new method gives a more
accurate prediction.

e  The described approach of developing the method of predictive
analyses is applicable to other processes and systems.
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