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Аннотация. В связи с развитием мировой торговли у металлургических комбинатов появилась большая вариативность при составлении 

производственного плана. На АО «ЕВРАЗ Западно-Сибирский металлургический комбинат» (АО «ЕВРАЗ ЗСМК») шихту оптимизируют 
из 110 компонентов только в части агломерационного и доменного производств. Номенклатура выпускаемой продукции состоит более чем 
из 2000 единиц и меняется от месяца к месяцу. Обычно производственный план оптимизируют только внутри отдельных переделов. Целью 
оптимизации является минимизация себестоимости передела и максимизация производства. В работе представлены разработка и внедрение 
системы математического моделирования производства всего металлургического комбината на примере АО «ЕВРАЗ ЗСМК». В отличие от 
существующих систем моделирования переделов целью системы является единовременная сквозная оптимизация всех переделов комбината. 
Конечная цель – максимизация прибыли всего комбината. В процессе эксплуатации новой системы в 2019 – 2020 гг. были обнаружены 
высокие трудозатраты при работе пользователей. Например, совершается более 10 000 тестовых итераций расчетов для выпуска 60 планов 
за год и расчета 30 экономических кейсов. Разработана и проанализирована форма статистики, которая показала следующие основные 
проблемы: неразрешимость модели из-за ввода математически некорректных данных; повторные расчеты экономических кейсов для 
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Abstract. Metallurgical plants (smelters) adjust their production plans to match changing global demand. EVRAZ West Siberian Metallurgical 

Combine JSC  (EVRAZ ZSMK) employs furnace charges and pellets containing 110 components, with a product range exceeding 2000 items that 
vary from month to month. The production plan is optimized individually for each manufacturing process, with the goal of minimizing costs and 
maximizing output. This paper discusses the development and deployment of the smelter simulation system currently in use at EVRAZ ZSMK. 
Unlike other solutions, this system performs concurrent, end-to-end optimization of all smelter processes, with the ultimate goal of maximizing 
the company's profit. During the system's operation from 2019 to 2020, users encountered tedious and time-consuming tasks, such as creating 
60 production plans per year, conducting 10,000 test iterations, and analyzing 30 scenarios. To gather statistical data, a feedback form was used, 
which identified several issues. Firstly, the mathematical model fails with incorrect input data. Secondly, repeated analyses are required to identify 
and interpret the plan/actual cost discrepancies. Thirdly, data validation errors, such as incorrect chemical composition or model settings unsuitable 
for the specific timeframe, were observed. To address these shortcomings, several measures were developed: an input data validator (before and 
after analysis) was introduced; sensitivity and factor analysis modules were developed to aid in identifying and interpreting cost discrepancies; 
a chemical composition uploading tool was developed to ensure data validation. Finally, the system was retrained on historical datasets to improve 
its accuracy. 
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 Introduction

Nowadays, steelmakers mostly use the sintering and 
blast furnace process [1]. Usually, iron is reduced from 
ore in blast furnaces as pig iron and then the impurities 
are oxidized in steelmaking converters or electric furnaces 
with subsequent ladle refining [2]. 

The metallurgical industry consumes a lot of resources 
and energy. Smelters introduce both investment-based and 
zero-cost initiatives to reduce costs through optimal pro-
duction planning. Planning is essentially an optimal allo-
cation of expensive (purchased) or insufficient (in-house) 
resources to maximize profit. It is a pressing problem for 
smelters buying raw materials from third-party suppliers. 
The key challenge is that the charge for each furnace may 
consist of hundreds of components in various combina-
tions. For example, EVRAZ ZSMK makes the charge for 
cast iron production from more than 110 components [3]. 
Planning cannot be done manually because it is so com-
plicated and includes the following concurrent processes:

– optimizing the charge composition for cost;
– optimizing the recycling content [4];
– analyzing the production processes [5].
Process simulation models became commercially avail-

able worldwide in 2010. Such models should be highly 
flexible [6] which is exactly what the Russian smelter 
needs in the current situation.

This paper covers the deployment of a production plan-
ning system at EVRAZ ZSMK, and new tools improving 
the system’s efficiency.

Currently, the sintering and blast furnace process 
is the predominant method used by steelmakers [1]. This 
process involves reducing iron from ore in blast furnaces 
to produce pig iron, which is then further processed in 
steelmaking converters or electric furnaces, followed 
by ladle refining to remove impurities [2]. Howe ver, 
the metallurgical industry is known for its high consump-
tion of resources and energy. In order to reduce costs and 
achieve optimal production planning, smelters are intro-
ducing investment-based and zero-cost initiatives. Produc-
tion planning involves the optimal allocation of expensive 
(purchased) or insufficient (in-house) resources to maxi-
mize profit. This is particularly challenging for smelters 
that purchase raw materials from third-party suppliers, as 

the charge for each furnace may consist of hundreds of 
components in various combinations. 

For example, EVRAZ ZSMK uses more than 110 com-
ponents in the charge for cast iron production [3]. Manual 
planning is not feasible due to the complexity of concur-
rent processes, which include optimizing the charge com-
position for cost, optimizing the recycling content [4], 
and analyzing production processes [5]. Since 2010, com-
mercially avai lable process simulation models have been 
used worldwide to address this challenge. To be effective, 
these mo dels should be highly flexible, which is precisely 
what is needed by the Russian smelter in the current situa-
tion [6]. This paper discusses the implementation of a pro-
duction planning system at EVRAZ ZSMK, as well as new 
tools that improve the system’s efficiency.

 Mathematical Model Summary

In 2019, EVRAZ ZSMK successfully deployed a math-
ematical model that covers every production stage from 
ore mining to steel rolling. The system offers easy integra-
tion with third-party analysis modules. Fig. 1 shows the 
main window of the Forecast process simulation system 
(PSS). Initially, the system was developed to optimize the 
production plan in financial terms at each site and at the 
corporate level.

However, the optimization results were challenging 
to interpret. For example, in cases where the system sug-
gests 100 % of composition 1 pellets instead of compo-
sition 2 and 3 pellets, it is not clear why such a switch 
would lead to cost savings or if it would even be advanta-
geous. Therefore a new option was added to the system to 
enable users to select either planning or scenario analysis 
mode. In the planning mode, the system suggests an opti-
mal production plan that meets constraints, while in the 
scenario mode, the system estimates costs for various pos-
sible scenarios. This enhanced the system’s efficiency but 
increased user effort.

A detailed analysis of system usage statistics was con-
ducted to identify bottlenecks, which revealed that only 
30 out of 3000 scenarios analyzed in 2020 were imple-
mented. Moreover, the new scenario mode considerably 
increased user efforts and the number of simulation runs. 
The total number of analysis cases run was more than 
11,545, indicating that each scenario had to undergo 

выделения и интерпретации отдельных изменившихся факторов плана от бюджета; ошибки на этапе верификации данных из-за некорректного 
химического состава элементов или неверных настроек модели под конкретный период работы. Для устранения недостатков системы 
разработаны системы валидации вводимых данных на этапе до и после расчетов, модули анализа чувствительности и факторный расчет, 
система автоматического заполнения химического состава, а также добавлена возможность переобучения модели на исторических данных. 
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3 – 4 runs to ensure error-free results. The study results 
are illustrated in Fig. 2.

After analyzing the results, we developed special pro-
ductivity-boosting tools for the system users. In addition, 
we added a simulation experiment capability to the sys-
tem. With the rise of resource-saving technologies, com-
putational experiments have become necessary to analyze 
processes and system behavior. As such, the company 
required a simulation tool for such experiments.

A computational experiment typically involves several 
steps. First, the input data is entered and validated. Fol-

lowing this, physical experiments are conducted to fine-
tune the mathematical model [7]. 

 Input Data Validation

 “Data Validation” tool

The input data is validated before running the solver 
to identify any incorrect values. For user convenience, 
the validation tool is programmed to start automatically 
before each simulation run, providing brief explanations 
and displaying the input data status.

Consider the report from the Abagursk Concentration 
Facility (Fig. 3). The report is checked against the follow-
ing rules applied to concentration facility reports:

– the minimum reconcentrate intake should be less 
than or equal to the maximum intake;

– if the maximum intake value is non-zero, the ore pre-
parability tables should report non-zero values;

– if the maximum intake value is non-zero, the precon-
centrate price should be non-zero.

 “Checklist” tool

The “Checklist” tool is launched after successfully 
simulating a model. It displays the solution to the opti-
mization problem and checks it for compliance with pro-

Fig. 1. Main window of the “Forecast” process simulation system

Рис. 1. Рабочее окно СММ «Прогноз»

Fig. 2. System use statistics

Рис. 2. Анализ статистики работы системы
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cess constraints. The solution is then checked against the 
checklist as a post-processing stage. If a rule is not satis-
fied and the solution fails to meet process requirements, 
it is highlighted in red. Some of the rules checked by the 
tool are:

– whether the raw o re stock is underutilized. This rule 
checks for unused ore resources since in-house ore stock 
should be used first; 

– the sinter cake output is less than the production 
capacity. This rule checks if the sinter production plan 
underutilizes the available equipment capacity;

– whether the pig iron output is less than the produc-
tion capacity. This rule checks if the pig iron production 
plan underutilizes the available equipment capacity. 

 “Chemical Composition Uploading” Tool

Entering the raw chemical composition into the sys-
tem was a time-consuming process. The mathematical 
model requires an extended chemical composition for 
each charge component (e.g., TiO2 , ZnO, etc.). Howe-
ver, extended analysis incurs higher costs and is often 
outsourced. Therefore, the in-house lab can only provide 
incomplete analysis and updates the record once a quarter 
or upon request.

The chemical composition data is sourced from 
both lab test reports and raw material data sheets. Lab 

reports are given priority, and if they are unavailable, 
data sheets are used instead. Consequently, the chemical 
compositions for all materials over the planning period 
(scenario) are uploaded into the system. If a chemical 
composition is updated, the new data overwrites the old 
values.

These tools have significantly reduced potential data 
entry errors as more than 10,000 values are entered every 
month.

 Result Analysis Tools

 “Price Sensitivity Analysis” Tool

Price sensitivity analysis aims to identify the relation-
ship between raw material prices and purchase volume. 
To conduct this analysis, the user specifies the material 
of interest, along with lower and upper price limits. The 
user also specifies the number of increments in the price 
sensitivity analysis window.

Once the price sensitivity analysis is completed, the 
results are presented in the form of a table and diagram, as 
shown in Fig. 4. The user can export the results to Excel 
by clicking on the “Export to Excel” button.

 “Pipeline Processing” Tool

The batch scenario simulation tool allows for multiple 
simulations to be run with varying input data within speci-

Fig. 3. Report on validation results for Abagur concentrating plant

Рис. 3. Отчет по результатам валидации для АОФ
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fied ranges and increments. The tool window is displayed 
in Fig. 5. 

The results of the simulations are presented in the form 
of a standard Production Report and can be exported to 
Excel by clicking on the “Export to Excel” button and 
specifying the path and file name. The user also has the 
option to save the configuration for later use.

 “Model Factor Calculation” Tool

This tool is designed to recalculate the factors uti-
lized in several plant models, including the sinter plant, 
byproduct coke-making plant, melt shop, and LD plant 
models. These factors are estimated based on historical 
data. In this discussion, we will specifically focus on the 
factor estimation process for the sinter plant model. 

The blast furnace process is responsible for the pro-
duction of pig iron from sinter, pellets, and briquettes. In 
order to ensure high-performance blast furnace operation, 
fine ore and concentrate are converted into larger frag-
ments, which provide better gas permeability [8]. 

This is typically accomplished through one of three 
processes: briquetting, agglomeration sintering, or pellet-
izing. Agglomeration sintering is the most commonly used 
process due to its significant advantages over the other 
options. For instance, agglomeration sintering makes it 
possible to utilize by-products and in-house waste, such 

as sludge and furnace dust, resulting in water savings and 
reduced air pollution [9]. 

One challenge of sinter plants is the inconsistent com-
position of the ore concentrate, furnace fuel, and flux, as 
well as varying base-to-silica ratios. Estimating sinter 
machine capacity based solely on ore concentrate and 
factor recalculation is insufficient to achieve the required 
simulation accuracy. Instead, only machine learning on 
historical datasets can effectively estimate every factor 
that affects the sinter machine’s capacity and sinter cake 
quality. Market price analysis over the last five years has 
shown that the price of sinter cake made from purchased 
ore concentrate is lower than that of purchased pellets. To 
increase sinter cake output, several options exist, includ-
ing:

– increasing plant capacity;
– intensifying the sintering process;
– increasing yield through better sinter quality or 

reducing fines;
– and using substandard sinter in the blast furnace as a 

compromise [10, 11].
Charge optimization [12 – 15] is the key factor for 

the sinter quality and sinter machine capacity [16 – 19]. It 
is a zero-cost profit booster [12].

A regression model for the sinter plant output is as fol-
lows:

Fig. 4. Results of price sensitivity analysis

Рис. 4. Окно с результатами расчета анализа чувствительности
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y = b0 + b1 x1 + b2 x2 + ... + bn xn ,

where y is the expected sinter output, tons; b0 is the inter-
cept term; b1 , b2 , ... bn are the regression coefficients; x1 , 
x2 , ... xn are the factors affecting the sinter output.

To estimate sinter quality, the Random Forest method 
was utilized due to its higher prediction accuracy when 
compared to regression. The Random Forest method is an 
ensemble learning method that was proposed by Leo Brei-
man and Adele Cutler. It utilizes multiple decision trees 
to generate predictions. The algorithm combines two key 
concepts: Breiman’s bagging and the random subspace 
method by Tin Kam Ho. This method can be applied to 
classification, regression, and clustering problems. The 
core idea behind this method is to use a large ensemble 
of decision trees, where each individual tree may produce 
a poor classification quality but the collective output of 
many trees produces more accurate and reliable results1. 

 
 Conclusions

In modern times, user experience has become the most 
critical aspect of simulation and optimization tools. Even 
the most accurate and flexible solution can be rejected by 
users due to its confusing user interface. To overcome this 
issue, we applied system analysis and software adoption 

rate assessment to identify and rectify any bottlenecks in 
the software’s usability.
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