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To solve the issue of oxygen consumption forecasting, the researchers suggested a twin support vector machine for
regression (LAOA-TSVR) prediction model based on an improved arithmetic optimization algorithm. The model has
beneficial generalization, high prediction accuracy, and the ability to jump out of the local optimum and other char-
acteristics. The group used the method of mechanism analysis to determine the main influencing factors of oxygen
consumption. To confirm the model’s prediction effect, it is compared to the Back Propagation, Radial Basis Func-
tion, and Twin Support Vector Regression prediction models. The LAOA-TSVR oxygen consumption forecasting pre-
diction model was then tested on actual steel mill production. The test phase consisted of 200 production cycles,
and the results revealed that the LAOA-TSVR model had an 85,1 % hit rate for oxygen consumption within 5 m3/t.
The model can suit the actual needs of predicting oxygen consumption in steel.
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INTRODUCTION

Oxygen consumption forecasting is a key compo-
nent influencing steelmaking costs. At present, the
steelmaking process is followed by complicated physi-
cal and chemical changes, making oxygen consumption
difficult to estimate[1]. Previous researchers proposed a
mechanism model based on traditional theory to solve
the problem of oxygen consumption prediction in the
steelmaking process; however, the steelmaking process
is dynamic, and the traditional mechanism model is un-
able to determine the complex correlation relationship,
resulting in less accurate predictions. The group utilize
an oxygen consumption prediction model based on
classic neural networks as technology advances. How-
ever, there are some shortcomings in forecast accuracy
and terminal hit rate, and the algorithm is easily trapped
in the local minimum.

In order to solve the above problems, the group com-
bined the characteristics of LAOA and TSVR to predict
the oxygen consumption in the steel production process
based on the actual production data. The LAOA-TSVR
algorithm has strong generalization performance, high
prediction accuracy, and can jump out of the local opti-
mum. The TSVR algorithm transforms a single large-
scale quadratic programming problem into two smaller
quadratic programming problems, which significantly
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shortens the running time and improves the prediction
performance. However, twin support vector machine for
regression requires random assignment of some parame-
ters [2,3]. If the exhaustive approach is used, it will in-
crease a huge amount of computation is difficult to real-
ize. For this reason, researchers propose to use arithmetic
optimization algorithm for parameter optimization, how-
ever, the algorithms require additional processing meas-
ures to ensure that the solutions satisfying the constraints
are searched. In addition, due to the insufficient initial
parameter search space, the algorithm may fall into local
optimal solutions, leading to inaccurate algorithmic pre-
dictions. The improved arithmetic optimization algo-
rithm (LAOA\) based on Lévy flight has simple parameter
adjustment operations, faster convergence speed, better
ability to jump out of local minima, and can well solve
the defects of arithmetic optimization algorithm. There-
fore, the group combines the LAOA algorithm with the
TSVR algorithm and uses its stochastic search to find the
optimization of the penalty parameters and kernel func-
tion parameters to improve the accuracy of the algorithm
[4].

In order to examine the prediction effect of the mod-
el, the LAOA-TSVR oxygen consumption forecasting
prediction model is compared with the three models of
BP, RBF, and TSVR using the obtained actual produc-
tion data, and it is finally concluded that the prediction
accuracy of the LAOA-TSVR oxygen consumption
forecasting prediction model is better than the other
three models. The LAOA-TSVR based oxygen con-
sumption forecasting prediction model is applied to in-
dustrial production, and the test results show that the
model meets the actual production requirements.
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rameters and kernel function parameters of TSVR for
optimization. The LAOA-TSVR based oxygen con-
sumption forecasting prediction model is established.
The flowchart of LAOA optimized TSVR is shown in
Figure 1.

ESTABLISHMENT OF LAOA-TSVR MODEL

The group uses Lévy flight to optimize the AOAina
stochastic way with small search and large jumps. The
formulas after introducing Lévy flight to improve the
AOA are shown in Eq. (1) to Eq. (3):

2-MOP-Pxx, 1, <0.5
pause = (1)

~|2-MOP-E+x, 1, >0.5

Where, r,, a random number in the interval (0, 1);
Xauser te solution generated after the policy update; P
and E can be calculated using the following equations:
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Figure 1 Flowchart of LAOA optimization of TSVR
ESTABLISHMENT OF MODEL P=2aLévy(A)-a )
LAOA algorithm is utilized to adjust the penalty pa- E =2r (3)

Where, Lévy(4), the Lévy distribution with param-
eter A; r,, a random vector in the interval (0,1); A, a
variable that decreases linearly from 2 to 0.

The optimal parameters of TSVR are found by opti-
mizing the penalty parameter C of the twin support vector
machine for regression and its kernel function parameter
“0” through the LAOA algorithm in the following steps:

Step 1: 1 500 sets of data were normalized and pre-
processed, with 1 000 sets serving as the training set and
the remaining 500 serving as the test set.

Step 2: Initialize the parameters and generate a set
of matrices of random candidate solutions; then, the al-
gorithm explores and develops the current space, using
the MOA function to judge and decide the actual execu-
tion of the exploration and development phases.

Step 3: The algorithm relies on its multiplication
and division operators in the exploration phase to
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achieve a large range of solution space exploration and
uses a probabilistic formulation to update the solution
of the optimal policy based on Lévy’s rule of flight us-
ing Eq.(4).
{2-MOP~Pxxi’jr4 < 0.5}
Xpause =

= @)
2-MOP-E+x, 1, >0.5

Step 4: The solution space is fully explored using
addition and subtraction operators to find more optimal
locations. The development phase can search for the
global optimal solution in the middle and late iterations;
the main updating equations are shown in Eq. (5), and a
small number of multiplication and division operators
are also used to update the solution to jump out of the
local search for the current approximate global optimal
solution until the iteration is closed and the algorithm
stops working.

o (e+1)= best(x,) - MOPX(U, L )xu+L;,r, <0.5

©)
best (x, )+ MOPX(U, =L )xu+L,.1; 205

Step 5: The LAOA algorithm calculated parameters
are substituted into the TSVR as penalty parameters and
kernel function parameters.

OXYGEN CONSUMPTION MODEL

A steel converter as a research object, combined
with the oxygen consumption model of the mechanism
formula, as shown in Eq. (6) for the mechanism analy-
sis, to assess the impact of the oxygen consumption
model of the input. The weight of scrap steel, hot metal
weight, carbon content in hot metal, carbon content in
target molten steel, temperature of molten iron, silicon
content in hot metal are the inputs evaluated by the
mechanism equation. The output is the consumption of
oxygen.

F xF, xE FE XF XF,
= +
E, F

t

0O, (6)
Where, O,, oxygen consumption; F_, the amount of
iron; F_, the carbon content of iron; F,, the molar mass
of the iron reduction reaction; F, the molar mass of the
iron decarburization reaction.
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Figure 2 Oxygen consumption model test results
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The results of the comparison between the actual
and predicted values obtained using the LAOA-TSVR
oxygen consumption model are shown in Figure 2.

ANALYSIS OF THE MODEL

Comparison of model prediction effects

In order to verify the prediction accuracy of the
LAOA-TSVR based oxygen consumption forecasting
prediction model. Four prediction models, BP, RBF,
TSVR and LAOA-TSVR, are tested using industrial
test data, and the results are shown in Figure 3.

Oxygen consumption/m’/t

Sample/n

Figure 3 Model predictive effectiveness comparison

Analysis of results of model comparisons

The fitting degree of LAOA-TSVR oxygen con-
sumption forecasting prediction model can be calculat-
ed by Eq. (7) and Eq. (8), and the hit rate is calculated
by Eg. (9) and Eq. (10). The predictive effectiveness of
the model is judged by four technical indicators: SSR/
SST value, SSE/SST value, MAE value and HR (hit
rate), and the results are shown in Table 1 and Table 2.
From the analysis of Figure 3, it can be concluded that
the predicted values of the oxygen consumption model
for oxygen consumption forecasting are in good agree-
ment with the actual values, and the model has the best
fit and analytical properties. From the evaluation index-
es in Table 1, it can be seen that the SSR/SST value of
the LAOA-TSVR model is closer to 1, and the degree of

Table 1 Comparison of evaluation indicators for predictive

models.
Model Oxygen consumption model
Evaluation indicators % % MAE
BP 0,7131 0,2366 16,9001
RBF 0,8462 0,1108 13,4483
TSVR 0,9526 0,0342 10,9102
LAOA-TSVR 0,9874 0,0121 9,2193

Table 2 Hit rate of each model for oxygen consumption

prediction.
Model BP RBF TSVR LAOA-TSVR
Hit rate 70,6 % 76,3 % 80,4 % 82,3%
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oscillation between the predicted value and the actual
value is close to the same; the SSE/SST value is lower
than that of the other three prediction models, and the
degree of fit is better. Table 2 can be compared to show
that the LAOA-TSVR based oxygen consumption mod-
el has a simulation hit rate of 82,3%. The LAOA-TSVR
model has the highest hit rate under the same condi-
tions; thus, it can be proved that the prediction accuracy
of the LAOA-TSVR model is better than that of other
algorithms.

SSE/SST=3" (v,=3) 1%, (v,=») @
SSR/SST =" (5, =y /X (v,=») (8)
G, x(100% -k <G, <G, x(100%+k))  (9)

(|yi—j/1|£ne)
n

HR = x100% (10)
Where, Gs, the actual value of oxygen consumption;

Gy, a forecast of oxygen consumption.

APPLICATION AND VALIDATION

The established LAOA-TSVR oxygen consumption
forecasting prediction model was applied to the actual
production of a steel converter for testing, the test phase
totaled 200 production cycles, and the results are shown
in Figure 4. The hit rate of the model on oxygen con-
sumption within £ 5 m3/t is calculated to be 85,1 %. It
can be seen that the prediction accuracy of the LAOA-
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Figure 4 Comparison of actual and predicted values
of oxygen consumption models in industrial tests
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TSVR oxygen consumption forecasting prediction
model meets the requirements in actual production.

CONCLUSION

— The constructed LAOA-TSVR oxygen consump-
tion forecasting prediction model is compared with the
three prediction models of BP, RBF and TSVR. The re-
sults show that LAOA-TSVR oxygen consumption
forecasting prediction model has better prediction ef-
fect.

— The LAOA-TSVR model applied to the actual
production of a steel, a total of 200 production cycle
tests, the results revealing that the oxygen consumption
model hit rate was 85,1 % within a 5 m%t range. The
model can well meet the demand for oxygen consump-
tion forecasting prediction in the actual production of a
steel.
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