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Abstract. Increasing competition in the markets for metallurgical products issues a challenge for enter-

prises to increase production efficiency in economic term. One of the most important segments of the metal-
lurgical industry is considered to be blast furnace ironmaking, which accounts for more than 50% of the ener-
gy costs of a metallurgical enterprise; in addition, there is a large consumption of resources for manufactu-
ring. Aim. The article is aimed at increasing the efficiency of blast furnace smelting both from an economic 
point of view and from the technological process itself through the introduction of an automated infor-
mation-control system for optimal planning of the work of a blast furnace shop. The system is capable of 
recommending optimal production of a blast furnace shop in terms of the minimum cost of cast iron, as well 
as making recommendations to personnel to correct operating parameters of blast furnaces in order to  
increase productivity and reduce coke rate. Materials and methods. It is proposed to use artificial intel-
ligence methods in work to achieve these goals. In particular, clustering and dimensionality reduction 
methods are used to determine the optimal operating modes of technological equipment, and the problem of 
increasing the efficiency of the blast furnace shop is solved using nonlinear programming methods to plan 
blast furnace ironmaking, taking into account technological and economic limitations. The initial data for 
setting up and operating of optimal planning system is the production statistics of a metallurgical enterprise, 
the sources of which are monitoring and control systems for technological processes, the laboratory ana-
lyses of charge materials and smelting products, as well as expert assessments of the technological equip-
ment state. Results. The results of the optimal value of blast furnace ironmaking seeking in terms of  
the minimum cost of cast iron and maximum efficiency of blast furnace smelting as well as the coefficients 
of the influence of production factors on the main indicators of blast furnace ironmaking: the productivity 
of blast furnaces and coke rate are shown. Conclusion. The developed automated information-control sys-
tem for optimal planning of blast furnace ironmaking can be used as a decision support tool for both fore-
men, the head of the blast furnace shop, and the economic services of an industrial enterprise. Specialists 
can apply the obtained results for master production schedule of the sinter-coke-blast furnace ironmaking. 
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Аннотация. Усиление конкуренции на рынках металлургической продукции ставит перед 

предприятиями задачу повышения эффективности производства с экономической точки зрения. Од-
ним из наиболее важных звеньев металлургической отрасли считается доменное производство, на 
долю которого приходится более 50 % энергетических затрат металлургического предприятия, по-
мимо этого при получении продукции идет большой расход ресурсов. Цель исследования. Статья 
направлена на повышение эффективности доменной плавки как с экономической точки зрения, так и 
со стороны самого технологического процесса за счет внедрения автоматизированной информаци-
онно-управляющей системы оптимального планирования работы доменного цеха, способной реко-
мендовать оптимальное производство доменного цеха с точки зрения минимума себестоимости чу-
гуна, а также выдавать рекомендации персоналу по коррекции режимных параметров работы до-
менных печей с целью увеличения производительности и снижения удельного расхода кокса. Мате-
риалы и методы. Для достижения этих целей в работе предлагается использовать методы искусст-
венного интеллекта. В частности, для определения оптимальных режимов работы технологического 
оборудования применяются методы кластеризации и снижения размерности, а для планирования 
доменного производства с учетом технологических и экономических ограничений решается задача 
повышения эффективности доменного цеха с применением методов нелинейного программирова-
ния. В качестве исходных данных для настройки и работы системы оптимального планирования вы-
ступает производственная статистика металлургического предприятия, источниками которой явля-
ются системы мониторинга и управления технологическими процессами, результаты анализов лабо-
раторий исходных материалов и готовой продукции, а также экспертные оценки по состоянию тех-
нологического оборудования. Результаты. Приведены результаты решения задачи поиска опти-
мального значения производства доменного цеха с точки зрения минимума себестоимости чугуна и 
максимума эффективности ведения доменной плавки, а также коэффициенты влияния производст-
венных факторов на основные показатели доменного производства: производительность доменных 
печей и удельный расход кокса. Заключение. Разработанная автоматизированная информационно-
управляющая система оптимального планирования доменного производства может быть использо-
вана в качестве инструмента поддержки принятия решений как для мастеров, начальника доменного 
цеха, так и для экономических служб промышленного предприятия. Полученные результаты могут 
применяться специалистами для объемного планирования работы агло-коксо-доменного производ-
ства в целом. 

Ключевые слова: искусственный интеллект, доменное производство, кластеризация, оптимиза-
ция, информационно-управляющая система 
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Introduction 
The iron and steel industry plays an important role in the global economy, influencing key indus-

tries. The largest countries all over the world support and develop the metallurgical products production 
as one of the promising areas of economic development. Due to increasing competition on the metallur-
gical products markets, enterprises need to solve problems to increase economic efficiency. 

One of the key elements of the metallurgical industry is blast furnace ironmaking. It accounts for 
50–75% of the energy costs of full-cycle enterprises. In this regard, it is necessary to reduce the energy 
and resource intensity of the resulting products. 

The literature presents several strategies for increasing the economic efficiency of blast furnace 
ironmaking. The main strategy is to optimize the blast furnace smelting process itself. At different times, 
well-known Russian and foreign researchers N.N. Babarykin studied this issue [1], S.A. Zagajnov and 
L.Ju. Gileva [2, 3], Ju.N. Ovchinnikov [4], O.P. Onorin [5], N.A. Spirin [6], I.G. Tovarovskij [7], 
V.N. Andronov [8], B.P. Dovgaljuk [9] and many others. Another strategy for increasing the economic 
efficiency of blast furnace ironmaking is the optimal distribution of raw materials and fuel and energy re-
sources between blast furnaces. The solutions to the resource allocation problem are presented in [10–11]. 
This strategy is also successfully used in other sectors of the economy [12]. 

This article solves the problem of optimal planning of blast furnace ironmaking using artificial in-
telligence methods. These methods allow to analyze large volumes of data, determine hidden patterns 
and dependencies, and solve complex optimization problems. In order to increase the efficiency and 
economical operation of blast furnace smelting, an automated information and control system (AICS) 
was developed. The functionality of the system determines the relevance of the research work. AICS 
allows to plan optimal volumes of pig iron production, taking into account production, technological and 
contractual restrictions, as well as the actual influence of quality indicators of coke, iron ore raw materi-
als and operating parameters of blast furnaces on the efficiency of the blast furnace process. 

 
System description 
The automated information and control system for optimal planning of blast furnace ironmaking is  

a hardware/software package. It provides information resources and functionality for searching optimal 
production parameters taking into account production, technological and contractual restrictions.  
The system is flexible and adaptable to the operating conditions of the blast-furnace shop and the enter-
prise demands. 

Fig. 1 shows a generalized functional flow diagram of the automated information and control sys-
tem for optimal planning of blast-furnace ironmaking. 

 

 
Fig. 1. The functional flow diagram of AICS of optimal planning of blast-furnace ironmaking 
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The system receives input data from various sources, such as blast furnace process monitoring and 
control systems, laboratory analyses of charge materials and smelting products, process reports, and log 
books. The system's functionality also provides the ability to manual entry of economic and technological 
constraints and expert assessments in the user interface. Based on this data, the system solves the optimiza-
tion problem and provides the user with recommendations on changing the parameter values, which will 
increase the efficiency of blast furnace smelting and minimize the iron production costs. The obtained  
results are available to blast furnace shop (BS) specialists for effective control of the technological process 
and to economic services for volumetric planning of the metallurgical enterprise work as a whole. 

 
Blast furnace efficiency index 
To assess the efficiency of blast furnace smelting, it is proposed to use an indicator determined by 

the formula: 

ܧ = α ∙ ூ
ூౣ౮

+ (1 − (ߙ ∙ ൬ ௌோ
ௌோ್ೌೞ

ಳೄ ൰
ିଵ

, 
where i = 1, 2, …, k – blast furnace number; 

 ;efficiency index – ܧ
 ;predicted iron productivity, t/day – ܲܫ
ܫ ୫ܲୟ୶ – maximum iron productivity, t/day; 
 ;predicted specific coke rate, kg/t – ܴܥܵ
௦ܴܥܵ

ௌ  – average specific coke rate of blast furnace shop for current period, kg/t; 
α – weighting coefficient reflecting the importance of taking into account productivity and coke rate 

as part of the efficiency index. 
Nowadays, factor models are widely used to predict productivity and SCR. These models are based on 

statistical data and do not require a detailed description of all processes occurring in the furnace. Factor mo-
dels have the form of linear functions with coefficients determined on statistical data and expert assessments: 

ܴܥܵ = ௦ ܴܥܵ + ௌோ್ೌೞ 
ଵ

∙ ∑ ൫݇
ௌோ ∙ ∆ ܲ൯

ୀଵ + ݇ ேீ
ௌோ ∙ ௦ ܩܰ∆ + ݇ 

ௌோ +  ;ܴܥܵ

ܫ ܲ = ܫ ܲ௦  + ூ್ೌೞ 
ଵ

∙ ∑ ൫݇
ூ ∙ ∆ ܲ൯

ୀଵ + ݇ 
ூ , 

where j = 1, 2, …, n – parameter number influencing the SCR and productivity; 
 ;௦  – specific coke rate of i-th blast furnace in base period, kg/tܴܥܵ
ܫ ܲ௦  – iron productivity of i-th blast furnace in base period, t/day; 
∆ ܲ – change of j-th technological parameter of i-th blast furnace relative to the base period; 
݇

ௌோ , ݇
ூ – coefficient of influence of the j-th parameter of the i-th blast furnace on the SCR and 

productivity, respectively; 
݇ ேீ

ௌோ  – coefficient of influence of specific rate of natural gas of the i-th blast furnace on the SCR; 
 ;௦  – change of specific rate of natural gas relative to the base period, m3/tܩܰ∆
 ; – specific coke rate for repairs, kg/tܴܥܵ
݇ 

ௌோ – coefficient of technology nonuniformity for SCR of the i-th blast furnace, kg/t; 
݇ 

ூ  – coefficient of technology nonuniformity for iron productivity of the i-th blast furnace, t/day. 
The technology nonuniformity coefficients provided in the formulas are determined by a BS spe-

cialist based on his experience and knowledge of the operating characteristics of blast furnaces. The ad-
dition of these coefficients into the model allows to take into account the influence of parameters that 
are not included in factor models or cannot be measured and assessed quantitatively. Also, to improve 
the accuracy of the forecast of productivity and SCR using factor models, data mining methods are used 
in this research work to determine the coefficients of influence of parameters in the current operating 
conditions of the blast furnace shop. 

 
Cluster analysis of blast furnace operating modes 
The cluster analysis methods allow to automatically divide the statistical data of blast furnaces into 

groups (clusters) that correspond to different operating modes of the furnace. So, it becomes possible  
to compare and select the most suitable modes, taking into account the current operating conditions of 
the blast furnace shop. 

Data pre-processing step is a necessary for the successful application of clustering methods, since 
the interpretability and utility of the results directly depends on the data quality. To reduce data volume 
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and highlight the most significant features the data preprocessing step includes removing noise and 
omissions, converting data into a single format, aggregation and selecting. The random forest method 
was used to fill in the data gaps. This method allows taking into account nonlinear
tween variables and is highly accurate and resistant to noise [13]. 
state mode of blast furnace were also removed from the original data samples, as they could reduce 
the accuracy of the analysis and cause 
tions in parameters throughout the day.

For cluster analysis, we used self
learning. This method allows to display a multidimensional 
grid, preserving the data topological properties. At the beginning of training, each grid node is a prot
type of a cluster with a certain vector of weights that characterizes its position in the original space. 
When an input vector is received, the network finds the winning neuron that is closest to it, and adjusts 
its weights and the weights of its neighbors so that they become more similar to the input vector. This 
process is repeated for all input vectors until t
achieved [14]. As a results of the neural network training, we obtain data divided into clusters. The final 
number of clusters was selected using the silhouette coefficient.

After identifying the operating m
the corresponding factor coefficients for the influence of parameters on the efficiency of blast furnace 
smelting were determined in each cluster. Figs. 2
and specific coke rate (SCR) on abrasion coke strength (M10) and iron content in the charge.

 

Fig. 2. Graph of blast furnace productivity versus abrasion coke strength (M10)
 

Fig. 3. Graph of coke rate versus abrasion coke strength
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ficant features the data preprocessing step includes removing noise and 
omissions, converting data into a single format, aggregation and selecting. The random forest method 
was used to fill in the data gaps. This method allows taking into account nonlinear
tween variables and is highly accurate and resistant to noise [13]. Data corresponding to non
state mode of blast furnace were also removed from the original data samples, as they could reduce 
the accuracy of the analysis and cause erroneous results. Data were aggregated daily to average vari
tions in parameters throughout the day. 

For cluster analysis, we used self-organizing Kohonen maps – neural networks with unsupervised 
learning. This method allows to display a multidimensional array of information on a two
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its weights and the weights of its neighbors so that they become more similar to the input vector. This 
process is repeated for all input vectors until the specified accuracy or number of iterations is 

[14]. As a results of the neural network training, we obtain data divided into clusters. The final 
number of clusters was selected using the silhouette coefficient. 

After identifying the operating modes of blast furnaces, linear regression models were built and 
the corresponding factor coefficients for the influence of parameters on the efficiency of blast furnace 
smelting were determined in each cluster. Figs. 2–5 show the dependences of blast 
and specific coke rate (SCR) on abrasion coke strength (M10) and iron content in the charge.
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ficant features the data preprocessing step includes removing noise and 
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was used to fill in the data gaps. This method allows taking into account nonlinear dependencies be-

Data corresponding to non-steady-
state mode of blast furnace were also removed from the original data samples, as they could reduce  

erroneous results. Data were aggregated daily to average varia-

neural networks with unsupervised 
array of information on a two-dimensional 

grid, preserving the data topological properties. At the beginning of training, each grid node is a proto-
type of a cluster with a certain vector of weights that characterizes its position in the original space. 

n an input vector is received, the network finds the winning neuron that is closest to it, and adjusts 
its weights and the weights of its neighbors so that they become more similar to the input vector. This 

he specified accuracy or number of iterations is 
[14]. As a results of the neural network training, we obtain data divided into clusters. The final 

odes of blast furnaces, linear regression models were built and  
the corresponding factor coefficients for the influence of parameters on the efficiency of blast furnace 

5 show the dependences of blast furnace productivity 
and specific coke rate (SCR) on abrasion coke strength (M10) and iron content in the charge. 

 
Fig. 2. Graph of blast furnace productivity versus abrasion coke strength (M10) 
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Fig. 4. Graph of blast furnace productivity versus the iron content in the charge 

 

 
Fig. 5. Graph of coke rate versus the iron content in the charge 

 
The Table 1 contains coefficients calculated in each cluster for the influence of abrasion coke 

strength and iron content in the charge on productivity and SCR. 
 

Table 1 
Coefficients of influence of abrasion coke strength (M10) and iron content in the charge 

Operating 
mode 

Change  
in productivity (%)  

with an increase  
in M10 by 1 % 

Change  
in specific coke rate (%) 

with an increase  
in M10 by 1 % 

Change  
in productivity (%)  

with an increase  
in iron content  

in the charge by 1 % 

Change  
in specific coke rate (%) 

with an increase  
in iron content  

in the charge by 1 % 
1 –2.8 3.06 1.77 –0.88 
2 –2.46 3.12 1.70 –0.85 
3 –2.45 3.20 1.92 –0.85 
4 –2.46 3.01 1.91 –0.90 
5 –2.38 3.14 1.90 –0.86 
6 –2.57 3.18 1.94 –0.87 
7 –2.56 3.18 1.77 –0.86 

Average –2.53 3.13 1.84 –0.87 
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The cluster database is constantly updated and adapts to changes in blast furnace smelting technolo-
gy. The AICS for optimal planning of blast furnace ironmaking analyzes information about the opera-
tion of blast furnaces in the current period, determines the nearest cluster for each furnace and calculates 
the coefficients of the influence of selected parameters on productivity and SCR which are used in factor 
models. 

 
The solution of the optimization problem 
During planning of blast furnace ironmaking, the problem of multicriteria optimization is solved  

using a generalized optimality criterion. 
The objective function is obtained by combining the weighted values of partial criterions and has 

the following form: 
βଵ ∙ ܥܲ − βଶ ∙ ∑ ܧ


ୀଵ  →  min, 

where βଵ, βଶ – weighting coefficient; 
 ;production cost of cast iron – ܥܲ
 .efficiency index of i-th blast furnace – ܧ
The goal of optimization is to find such values of technological parameters that provide maximum 

efficiency and minimum costs for the production of cast iron under given constraints. 
To calculate the production cost of cast iron, we use models obtained from the subsystem for opti-

mizing the supply and consumption of coal and iron ore raw materials [15]. In this subsystem, the selec-
tion of the share participation of suppliers is carried out according to the criterion of minimum costs for 
the purchase and transportation of raw materials, taking into account technological and economic con-
straints. At the output of the subsystem, several charge variations are formed, for each of which their 
qualitative and quantitative characteristics are given, as well as the cost of coke and iron ore raw materi-
als. One of the tasks of the AICS is to select the optimal charge option from those presented at the output 
of the subsystem to ensure a minimum of the objective function. 

The production cost of cast iron also depends on the blast operating mode of blast furnaces. There-
fore, the model takes into account not only the characteristics of the charge, but also the following pa-
rameters: oxygen content in the blast, specific rate of natural gas, rate of enriched blast, its temperature, 
pressure and humidity. 

In this optimization problem, the following constraints were set: 
1. The values of the optimized technological parameters should not exceed the minimum and maxi-

mum limits determined by the technical capabilities of the equipment, as well as the requirements for  
the quality of the products: 

୫ܲ୧୬  ≤ ܲ ≤ ୫ܲୟ୶ , 
where ܲ – predicted value of j-th parameter of i-th blast furnace; 

୫ܲ୧୬  , ୫ܲୟ୶  – minimum and maximum values of j-th parameter of i-th blast furnace. 
2. The volumes of natural gas, blast and oxygen, as well as the volume of top gas should not exceed 

the permitted maximum value for the blast furnace shop: 
ேܸீ
ௌ ≤ ேܸீ ୫ୟ୶

ௌ , ைܸଶ
ௌ ≤ ைܸଶ ୫ୟ୶

ௌ , ܸ௦௧
ௌ ≤ ܸ௦௧ ୫ୟ୶

ௌ ,   ்ܸீ
ௌ ≤ ்ܸீ ୫ୟ୶

ௌ , 
where ேܸீ

ௌ, ைܸଶ
ௌ, ܸ௦௧

ௌ , ்ܸீ
ௌ – predicted volume of natural gas, blast, oxygen and top gas for blast fur-

nace shop respectively, m3; 
ேܸீ ୫ୟ୶
ௌ , ைܸଶ ୫ୟ୶

ௌ , ܸ௦௧ ୫ୟ୶
ௌ , ்ܸ ீ ୫ୟ୶

ДЦ  – maximum values of volume of natural gas, blast, oxygen 
and top gas for blast furnace shop respectively, m3. 

3. The theoretical combustion temperature for each blast furnace should not exceed the prescribed 
limits: 

ܥܶ ୫ܶ୧୬  ≤ ܥܶ ܶ ≤ ܥܶ ୫ܶୟ୶ , 
where ܶܥ ܶ – calculated theoretical combustion temperature for the i-th blast furnace in the forecast  
period, °; 

ܥܶ ୫ܶ୧୬ , ܶܥ ୫ܶୟ୶  – specified minimum and maximum values of the theoretical combustion tem-
perature for the i-th blast furnace, °. 

4. Constraints on SCR and blast furnace productivity should not exceed the prescribed limits: 
୫୧୬ܴܥܵ  ≤ ܴܥܵ ≤ ୫ୟ୶ܴܥܵ ; 
ܫ ୫ܲ୧୬  ≤ ܫ ܲ ≤ ܫ ୫ܲୟ୶ . 



Автоматизированные системы управления технологическими процессами 
Automated process control systems 

Bulletin of the South Ural State University. Ser. Computer Technologies, Automatic Control, Radio Electronics. 
2024. Vol. 24, no. 4. P. 103–112 

110

5. The value of the ratio of natural gas and oxygen content in the blast for each furnace should be 
close to the optimal value from the forecast cluster: 

ݐܱ − ∆௧≤ ொಿಸ 
ொೀమ 

≤ ݐܱ + ∆௧, 
where ܳேீ  – natural gas content in the blast for the i-th blast furnace, %; 

ܳைଶ  – oxygen content in the blast for the i-th blast furnace, %; 
 ; – optimal value of the ratio of natural gas and oxygen content from the forecast clusterݐܱ
∆௧ – permissible deviation of the ratio of natural gas and oxygen content from the optimum. 
To solve the problem under discussion, we used the differential evolution algorithm for global op-

timization with nonlinear constraints and self-adaptive parameters [16]. Fig. 6 shows an example of how 
the objective function depends on pig iron production of the blast furnace shop per month. In this case, 
the optimal production of cast iron was 843 thous. tons. 

 

 
Fig. 6. The results of optimal productivity value search 

 
As a result of solving the optimization problem, the optimal values of the technological parameters 

of the blast furnaces operation were obtained according to the criterion of minimum costs and maximum 
efficiency of blast furnace smelting. 

 
Conclusion 
During the study, an automated information and control system for optimal planning of blast fur-

nace production was developed. AIСS is based on modern technologies for data processing and analysis, 
as well as artificial intelligence methods, such as clustering, dimensionality reduction and nonlinear  
optimization. 

This system makes allow to evaluate the influence of technological factors on the efficiency indica-
tors of blast furnace smelting under various operating modes of blast furnaces and to predict the optimal 
values of the blast furnace shop operating parameters, taking into account the given constraints. The re-
sults obtained in proposed system can be useful for making decisions at the technical and economic level 
of managing metallurgical production. 
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