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Abstract: The analysis and optimization of material flows, planning and scheduling in a steel industry are of 
considerable interest to steelmakers and academic researchers. Numerous publications in this area indicate a 
great potential for significant benefits and innovations in modern steel production. This article provides a 
review and analysis of recent publications in English and Russian on modeling, planning and scheduling in 
metallurgy and steel production. The main attention is focused on inaccurate data and uncertain factors 
characterizing most planning and scheduling problems arising in iron and steel making. Current challenges to 
be overcome and promising areas of a future research on material flows in steel production are discussed 
including technological processes, models and methods used in steel production, planning and control of steel 
smelting-continuous casting, dynamic planning and energy consumption optimization.  
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1  Introduction 
The importance of metallurgical production for 
modern industries and economy is difficult to 
overestimate. The central place is occupied by steel 
and iron production. Currently, the world industry 
produces about 1.9 billion tons of steel annually. It 
is more than in the entire 19th century. Global steel 
production has more than doubled since 2000 alone.  

The world's largest steel producer is China 
accounting for 54% of the world's crude steel 
production in 2023. Eight out of top ten steel 
producers are Chinese companies, namely: China 
Baowu Group, HBIS Group, Shagang Group, 
Ansteel Group, Jianlong Group, Shougang Group 
and Shandong Steel Group.  

China is followed by India, Japan and the USA in 
steel production. Russia ranked fifth place in the 
world in steel production, having smelted a record 
volume of steel 75.8 million tons in 2023. 

The features of planning and scheduling in 
modern steel making are characterized by the multi-
stage, multi-operational and multi-energy nature of 
the most technological processes, which are 
accompanied by the presence of uncertain factors 
and input data.  

The bottleneck in most steel production is the 
process of steel smelting and continuous casting. In 
metallurgical technological processes, there are 
sudden events; some data are inaccurate and 
uncertain as follows:  

(a) Possible changes in the duration of 
technological operations in different technological 
stages;  

(b) Accidental technological disturbances and 
other unforeseen events;  

(c) Sudden breakdowns of machines or 
equipment with needed maintenances;  

(d) Needed corrections of the technological 
routes in steel making (e.g., repetition of some 
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technological operations that may be time-
consuming and expensive).  

The possible uncertainties of the durations of 
most technological operations directly affect the 
production rhythm and may disrupt the dynamic 
balance between logistics and production time. This 
may reduce the flexible suitability between the 
structure of intermediate and final products, 
production capacity and customer orders. 

Optimization of planning and scheduling steel 
smelting-continuous casting with possible 
technological changes and uncertain technological 
operation durations is a key for improving the 
efficiency of the equipment available in the steel 
mill. Better schedules allow reducing waiting times 
in the production process and reducing material and 
energy consumption.  
 
 

2  Technological Processes Used in 
Modern Iron and Steel Making 
It is no exaggeration to say that without developed 
metallurgy, technical progress may be impossible in 
many modern industries.  

Ferrous metallurgy is an interconnected complex 
of enterprises for the production of cast iron, steel 
and rolled products. Cast iron is obtained from ore 
by reducing iron from oxides.  

Steel is smelted from liquid pig iron and steel 
scrap (no more than 30%) by oxidizing excess 
impurities in steel making units (open-hearth 
furnaces, oxygen converters or electric furnaces). 
Smelted steel is secondary processing in ladle 
furnaces, vacuum treatment and casting [1]. 

Steel is released from the smelting furnaces into 
a ladle (out-of-furnace processing unit). If 
necessary, steel is refined to the required 
parameters, like alloying steel. The ladle is 
transported by an overhead crane to the place of 
steel casting. 

The technology and organization of steel casting 
determine the quality of the finished metal and 
amount of waste during further processing of steel 
ingots. Most economical methods are continuous 
casting, which are performed on Continuous Casting 
Machines (CCM for short); see [1] and [2].  

Metal from the ladle is discharged into an 
intermediate pouring ladle. Then metal enters the 
copper crystallizer. The intermediate ladle allows 
casting in several crystallizers (strands). Due to the 
continuity of casting and crystallization, rather 
complete uniformity of the ingot structure along its 
entire length is achieved. 

CCMs are used to cast square blanks (blooms), 
rectangular blanks (slabs), round solid blanks and 
round hollow blanks [1], [3], [4]. At present, about 
60% of continuous cast ingots are slabs.  

The next stage of steel production is rolling 
production, cold or hot rolling. Ingots are processed 
into I-beams, channels, angles or sheets. Ingots are 
also used to make pipes, wheels, etc.  

In recent years, due to the high productivity and 
low metal consumption, the oxygen-converter 
method has become the main method of steel 
production and has mostly replaced less efficient 
open-hearth production worldwide.  

Currently in China, 90.5% of steel is produced in 
converters. A characteristic feature of China is a 
large number of converters with their relatively 
small unit capacity. In recent decades, a number of 
converter shops with units of 200–300 tons have 
been built in China.  

For a comparison, in the EU in 2005 there were 
91 converters, while in China in 2004 there were 
292 converters. It is planned that only converters 
with a melting mass of more than 120 tons will be 
built in China in near future [2].  

Baowu is the largest steel company not only in 
China but in the world, producing for 7% of world 
steel. Its main steel plant in Baoshan contains six 
oxygen converters (three 250-ton converters and 
three 300-ton converters) and two electric arc 
furnaces (150 tons).  

Shandong Taishan Iron & Steel Corporation's 
main site contains three 70-ton converters, two ladle 
furnace units and a continuous slab caster [3]. 
Tangshan Iron and Steel Corporation's main site 
contains four converters, two refining furnaces, five 
casters and five rolling lines [4]. 

Russian metallurgical production is represented 
by 60 metallurgical plants and factories. The largest 
metallurgical plants are located in the following 
regions: Novolipetsk, Magnitogorsk, West Siberian, 
Chelyabinsk, Cherepovets, Nizhny Tagil and Tula.  

The largest metallurgical plants in Russia are 
equipped with oxygen converters; see Table 1. The 
rest of Russian metallurgical plants are equipped 
with electric furnaces.  

The table shows that almost all the largest 
metallurgical plants in Russia have one converter 
shop (except for Novolipetsk and West Siberian, 
which have two). The shops are equipped with large 
converters (from 160 to 370 tons).  

Each of the seven largest metallurgical plants in 
Russia has several continuous casting machines, 
most of which are multi-strand. Almost all of them 
have two or three ladle furnaces (four at the Nizhny 
Tagil Metallurgical Plant alone).  
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In addition, there are vacuum degassers and 
metal finishing units. Each melt must go through 4 
to 6 stages, each of which has one unit and no more 
than five units. It should be noted that the total 
number of units is not very large, most often these 
numbers are from 14 to 17 units.  

Thus, one can conclude from the table that 
scheduling problems arising in Russian 
metallurgical production have moderate sizes. 

 
Table. Converter shops at the large Russian 

metallurgical plants. 
Steel Plant Equipment 
Lipetsk 
production 
site 

Three 160-ton converters; two ladle-
furnace units; four metal finishing units; 
one vacuum degasser; four 2-strand slab 
CCM (two vertical and two curved)
Three 330-ton converters; five metal 
finishing units; two chemical metal 
preheating units; two ladle-furnace 
units; one vacuum degasser; four 
curved; one radial slab CCM

Magnitogorsk 
Iron and Steel 
Works 

Three 370-ton oxygen converters; three 
ladle-furnace units; two vacuum 
degassers; two steel finishing units; five 
slab CCM (four curved 2-strand and one 
vertical 1-strand) 

West Siberian 
Metallurgical 
Plant 

Three 160-ton converters 
Two 300-ton converters; a 2-position 
ladle-furnace unit; a 2-strand slab CCM 
and an 8-strand billet CCM 

Cherepovets 
Metallurgical 
Plant 

Three 350-ton converters; four metal 
finishing units and one ladle-furnace 
unit; one vacuum degasser; and five slab 
2-strand CCM 

Nizhny Tagil 
Metallurgical 
Plant 

Four 160-ton converters; four ladle-
furnace units; two circulating vacuum 
degassers; four CCM (produce blooms 
and slabs) 

Chelyabinsk 
Metallurgical 
Plant 

Three 160-ton converters; three ladle-
furnace units; one chamber vacuum 
degasser; two 6-strand billet and one 5-
strand bloom CCM 

Tula-Steel 
enterprise 

One 160-ton converter; one 2-position 
ladle-furnace unit; one chamber vacuum 
degasser; one 6-strand billet CCM

 
The last large open-hearth furnace in Russia was 

closed in 2018 (while the last open-hearth furnace in 
Western Europe was closed in 1995). As of 2021, 
about 2% of steel in Russia was smelted using the 
open-hearth furnaces remained at the Petrostal plant, 
at the Magnitogorsk Metallurgical Plant and at the 
Guryevsky Metallurgical Plant.  

In Russia, converter steel production has been 
significantly expanded and electric steelmaking has 
been launched. Powerful hot and cold sheet rolling 

mills have been built and put into operation. 
Electrical equipment control systems have reached a 
new level. 

Different requirements are imposed on the 
processes and equipment in steel making. For 
example, when smelting steel in a converter, the 
main problem is to obtain a predetermined 
composition of steel by carbon, which basically 
comes down to determining the time when purging 
stops. This problem is very difficult since there is 
usually no direct and accurate information about the 
carbon content in metal.  

Furthermore, the rate of carbon burnout is so 
high that one minute of purging leads to the 
production of a different grade of steel. It should be 
noted that the rate of carbon burnout changes 
significantly in the course of the purging.  

To ensure the same casting qualities, it is 
required to maintain a constant metal level in the 
intermediate ladle and mold. The increase in this 
level can lead to an overflow of metal from the 
mold. Therefore, the decrease in this level below the 
permissible limit may lead to a thin ingot crust, 
rupture and the breakthrough of liquid metal.  

During ingot cooling, it is required to prevent 
excessive cooling of the ingot shell and to ensure 
that the ingot solidifies evenly throughout its 
thickness. 

An important problem is also to maximize the 
yield of dimensional blanks from the available mass 
of liquid metal.  

The optimal control is to select a number of 
strands depending on the remaining metal balance in 
the intermediate ladle and a metal consumption to 
obtain an ingot of measured length. In such a case, it 
may turn out that the casting is completed (in the 
case of four-strand CCM) in four, three, two or even 
one mold.  

The steel smelting-continuous casting process is 
a multi-stage process, where each stage is associated 
with specific equipment, their parameters and 
processing time. As a result, steels of different 
grades are often subject to different secondary 
treatment procedures (by type and number of units 
in the technological route, by the duration of steel 
processing on a unit of a certain type, etc.).  

For different grades of steel, different standards 
have been determined for the minimum and for the 
maximum permissible exposures of metal in steel 
ladles. Different numbers of available aggregates, 
such as steel ladles, must be used for each stage. 
These numbers can vary considerably over time, 
such as the number of used strands in the mold.  

When assigning multiple jobs to the same 
equipment and machine sequentially, some 

International Journal of Chemical Engineering and Materials 
DOI: 10.37394/232031.2024.3.12

Natalja M. Matsveichuk, 
Yuri N. Sotskov, Liangliang Sun

E-ISSN: 2945-0519 147 Volume 3, 2024



additional time is required to set it up and check its 
performance. This is because of different jobs may 
have different process characteristics and processing 
requirements.  
 

3 Models of Technological Processes 
Used in Iron and Steel Making 

The importance of metallurgical production for the 
economy determines the interest of engineers and 
scientists in the problems of increasing efficiency of 
these productions. Numerous publications in the 
world are annually devoted to the research on 
energy saving and materials saving.  

Many publications address to increasing the 
efficiency of the use of technological equipment, 
their productivity and to the quality of metallurgical 
products. See the following review papers: [5], [6], 
[7], [8], [9], [10] and [11]. 

In the article [12], it is noted that the problems of 
planning, management and logistics of complex 
metallurgical processes were not sufficiently well 
investigated. The method of organizing production 
data was proposed. This method is based on the 
concept of "object" (like a plant, workshop, 
department, production operation, unit of 
production, etc.). The relationship between the 
considered objects was investigated.  

In particular, the object "hot-rolled coil" is 
associated with the slab from which it is rolled. The 
slab is associated with the smelting, from which it is 
cast on a continuous casting machine. The "melting" 
object is associated with a converter, secondary 
processing units and a continuous casting machine. 
In [12], the representation of production as an 
interconnection of objects was used as a universal 
structure for modeling and optimizing technological 
processes. 

The complexity of the multistage problem of 
integrated planning of steel production with 
different routes of the technological process leads to 
heuristic algorithms and artificial intelligence 
methods presented in the literature.  

The article [5] presents an extensive review of 
the state of research on production planning for the 
process of smelting and continuous casting and hot 
rolling of steel, which includes developments 
related to artificial intelligence in the world 
published up to 2001.  

The review article [6] addresses the research on 
planning in the metallurgical production to optimize 
the use of raw materials and energy for improving 
the product quality and reducing a price of the final 
products.  

This review includes articles published up to 
2019 on production planning and scheduling, real-
time optimization and management decision-making 
in different steel manufacturing processes. 

 
 
3.1 Mixed Integer Mathematical 

Programming 
With diversified requirements and varying 

manufacturing environments, the optimal 
production planning for a steel mill becomes more 
flexible and complicated. This flexibility provides 
operators with auxiliary requirements through the 
implemented integrated production planning.  

In the article [13], a mixed integer nonlinear 
programming (MINLP for short) model was 
proposed for the optimal planning that incorporates 
manufacturing constraints and flexibility in a steel 
plate mill.  

Two strategies were developed to overcome the 
computational weakness in solving the MINLP. The 
first strategy was to transform the MINLP into an 
approximate mixed integer linear programming 
using a linearization. The second strategy was based 
on decomposing the model via the branch-and-
bound method. Computational experiments are 
presented in terms of effectiveness and applicability. 
The computational results showed that the second 
method performs better in running time of the 
computations and solution accuracy. 

The problem of planning the main equipment for 
the processes of steel smelting and continuous 
casting was investigated in [14]. A scheduling 
method was developed consisting of an algorithm 
for assigning equipment based on the dynamic 
programming and a conflict resolution algorithm 
based on linear programming.  

Models, algorithms and computational results of 
the implementation of the developed computerized 
scheduling system were also presented. The 
developed system meets the following requirements. 
Each casting plan is implemented on time. Loads of 
the similar heats are processed continuously on the 
same continuous casting machine. The waiting time 
for loads in front of each available machine does not 
exceed the preliminary specified value. 

The article [15] is devoted to the problem of 
assigning melts to processing units of a converter 
steel foundry. For a given set of machines 
(secondary processing units), it is required to 
construct a schedule of the jobs (steel ladles with 
hot metal melts) with determined constraints on the 
sequence of machines in the process chain.  

The initial position of jobs is a converter. The 
final position of jobs is a continuous steel casting 
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machine. The closed intervals including processing 
durations for each job on each machine and the 
minimum time of a transportation of products 
between machines are also specified before 
scheduling. For each job, the time of receipt of the 
blank and the time of exit of the product from the 
converter section are specified.  

The considered scheduling problem can be 
classified as a Resource Constraint Project 
Scheduling Problem with non-fixed durations of the 
jobs and the given constraints on the start time and 
the completion time of processing of each final 
product.  

In the article [14], a mixed integer linear 
programming problem with the criterion of 
minimizing the total duration of the product 
transportation was proposed. This problem 
corresponds to the maximum total flow time of all 
jobs and is a good indicator of the energy efficiency 
of the technological process.  

In the computational experiment conducted on 
statistical data on the implemented production 
scenarios, an improvement in functionality of 
19.16% of the multi-stage processing system was 
demonstrated.  

For a global optimization, the algorithm of group 
evolution and the algorithm of mathematical 
programming are often used in production planning 
in flexible flow shops. When planning and 
optimizing new production jobs, time-consuming 
iterative calculations have to be performed anew 
every time. To reduce such hard calculations, a deep 
learning model was proposed in [16].  

The proposed model is "trained" on historical 
production data and is used to obtain a correlation 
between information about production jobs and 
information about input data and planning results.  

The energy-saving problem in the steel process 
planning was considered in articles [17] and [18]. 
All problems with energy saving in steel and iron 
productions are characterized by uncertain 
parameters. In fact, for a technological operation in 
steel production, only the minimum (or possibly 
maximum) required processing time can be 
specified before scheduling. The actual operation 
processing time may be exactly determined in the 
moment of implementing this operation in the 
compiled schedule.  

In [19], the problem of scheduling of steel 
smelting and continuous casting with controlled 
processing times was considered. The optimality of 
a schedule was determined based on three criteria as 
follows: minimization of the total waiting time, 
minimization of a premature time (or, conversely, a 

delay time) of the total job executions and reducing 
the schedule cost.  

The original complex problem was divided into 
two simpler sub-problems, namely, the parallel 
machine scheduling problem at the last stage and the 
hybrid flow shop scheduling problem at all previous 
stages. A hybrid evolutionary algorithm was 
proposed to solve the first problem and an iterative 
reverse list scheduling algorithm for the second 
problem.  

The variability of job processing times affects 
the value of the completion time of the entire 
process. In [20], a multi-criteria mixed integer linear 
programming was developed for optimizing steel 
production. The minimum value and the maximum 
value of the criterion (the production completion 
time) were calculated.  

Given the variability of the operations durations, 
the solution to the problem is transformed into a 
choice from a set of Pareto-optimal solutions with 
different production completion due dates. It was 
proposed to use a strategy based on what-if analysis 
in combination with the normal boundary crossing 
method for creating a series of uniformly distributed 
Pareto solutions adapted to possible production 
scenarios.  

The influence of different criterion values within 
the boundaries of the values of other criteria along 
the Pareto frontier was analyzed in order to 
accurately determine the minimum cost strategy for 
each possible scenario. 

The article [21] contains the investigation of the 
scheduling problem derived from the production of 
steel sheets in Shanghai Baoshan Iron and Steel 
Complex (Baosteel). A mixed integer programming 
(MIP for short) model for scheduling production on 
critical (bottleneck) operations in Baosteel was 
presented, where technological constraints were also 
considered. The main objective was to determine the 
starting and ending times of production routes of 
operations under capacity constraints for 
minimizing the sum of the weighted completion 
times of all given jobs.  

In steelmaking and continuous casting processes, 
a sudden converter fault can lead to unexpected 
changes to the pre-specified converter-continuous 
caster production mode in such a way that the used 
schedule becomes unrealizable. In the article [22], 
the dynamic scheduling problem as a response to the 
converter fault is analyzed.  

A multi-objective nonlinear programming model 
was established by introducing the production mode 
parameter and the production schedule parameters. 
The developed method considers changes in the 
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production mode, production schedule of charge and 
the interval uncertainties of the job durations.  

The combined problem of energy production and 
management in the steel industry is considered in 
the articles [23], [24] and [25]. In [23], an 
optimization model based on mixed integer linear 
programming with the criteria of profit 
maximization and greenhouse gas emission 
reduction was developed. The model aims to obtain 
a robust solution taking into account various 
constraints and different input data scenarios.  

Three scenarios for running the robust model 
were considered, namely: demand changes, energy 
resource capacity changes, and electricity generation 
capacity changes. The proposed model was applied 
to a steel company with its own energy production 
system in Iran. The obtained results showed that 
among the production planning factors, the cost of 
electricity was more significant than resource 
reserves and labor costs. 

 
3.2 Lagrangian Relaxation  
Due to the large numbers of variables in the MIP 

and other optimization models, a decomposition 
methodology based on a combination of Lagrangian 
relaxation, linear programming and heuristics was 
developed. This method relaxes constraints by 
coupling integer variables with continuous 
variables, which were introduced to the objective 
function via Lagrangian multipliers.  

In the article [26], the relaxed problem is 
decomposed into two sub-problems by separating 
continuous variables from integer ones. The first 
sub-problem with continuous variables is a linear 
programming, which is solved using a software 
package. The second sub-problem is an integer 
programming problem being solved via 
decomposition. The sub-gradient optimization is 
used to update Lagrangian multipliers. A production 
scheduling simulation system for Baosteel company 
is developed by embedding several heuristics. 
Computational results for problems with up to 100 
orders showed that the proposed Lagrangian 
relaxation method is stable.  

In the article [15], the heuristic algorithm based 
on Lagrangian relaxations was developed for the 
problem of rescheduling a hybrid flow shop for 
smelting and continuous casting of steel with 
uncertain data and possible disturbances. Different 
features of the problem were considered, such as 
restrictions on product batches and variable 
processing time at the last processing stage. Three 
approaches to Lagrangian relaxations were proposed 
in the form of decomposition of the problem into 

sub-problems with smaller numbers of jobs, batches 
and machines.  

A heuristic based on the solution of the 
relaxation problem was presented for obtaining 
admissible rescheduling. The optimality criteria 
were not only the production efficiency, which 
includes the total weighted time of the job 
completion and the total waiting time, but also the 
stability of the schedule (i.e., the difference in the 
number of operations processed on different 
machines for different processing stages in the 
original schedule and in the modified schedule). 

Similar two-stage scheduling methods are used 
in the literature, for example, in the form of 
rescheduling previously constructed schedules.  

The feasibility of using Markov chains to model 
the probabilities of the uncertain job durations for 
the processes of steel smelting and continuous 
casting was investigated in [27] and [28].  

A Markov chain transition matrix for accurate 
modeling of the probability of uncertain processing 
times was established in [27] for increasing the 
efficiency of the Lagrangian relaxation algorithm. It 
is based on the iterative optimization strategy with 
controlled gradient direction without predicting the 
optimal value. An optimization model of the 
refining system of steelmaking production is created 
based on the discrete Markov chain.  

A two-stage dynamic scheduling method was 
proposed in [28]. This method includes the 
production planning of charges and the production 
time. Dynamic scheduling software was developed 
and applied to scheduling the iron and steel 
company BaoSteel in China. The real-time 
application showed that the developed method can 
reduce scheduling time, increase the outputs of 
converters and shorten the redundant waiting time 
for molten steel. 

Order management is a complicated problem in 
the production process of the iron and steel industry.  
Orders are the bridge between customers and final 
products in different units. Therefore, the scheduling 
of orders is arranged by skilled production planners. 
The initial scheduling may be infeasible during the 
production process due to the frequently possible 
variations of the production environment. The 
practical order rescheduling problem was 
investigated in [29] to adapt various changes that 
affect the normal production. The problem is 
presented based on the mixed integer programming 
model with considering the original objective, the 
deviation from the initial schedules, and the 
equilibrium of production capacity. The genetic 
algorithm with proposed mutation and crossover 
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operators is developed for finding a near-optimal 
schedule for this complicated problem.  

Computational experiments were conducted on 
randomly generated instances and the instances 
from the practical production. Computational results 
showed that the proposed scheduling algorithm 
could obtain better solutions compared with four 
standard differential evolution algorithms. A 
practical decision support system based on 
production data was developed. The system includes 
the algorithm to monitor the production process, 
diagnose whether there are changes of the orders 
and units, and make rescheduling decisions if 
necessary. 

 
 

4 Uncertain Factors and Parameters 
Different studies in the steel industry have to 
consider the data inaccuracy and uncertainty of 
dynamically changing process indicators when 
developing mathematical models and methods for 
solving practical planning and scheduling problems.  

As indicated in [30], different uncertain factors 
affecting the processes in the production system of 
steel smelting and continuous casting can be divided 
into the following eight main classes.  

(1) Resource-related factors such as equipment 
breakdown, lack of raw materials or lack of 
employees.  

(2) Different logistical problems and congestion;  
(3) Possible unavailability of equipment, 

machines, or tools.  
The technological operation-related factors 

include the following possible uncertainties:  
(4) Unexpected insertion (or, conversely, 

cancellation) of a technological operation; 
(5) Corrections of the predetermined due dates;  
(6) Change of the processing times needed for 

technological operations;  
(7) Change of the time of receipt of the scrap; 
(8) Change of transportation time of the part. 
There are also common uncertain factors 

connected with quality of final products, lack of 
available energy, etc.  

Various methods are used for taking into account 
uncertainty factors as follows: undefined parameters 
are included as constraints in mixed mathematical 
programming models; indeterminate parameters are 
considered as stochastic or fuzzy; experts are 
involved in the selection of forecast values and a 
suitable schedule; a "rough" schedule is built that is 
valid for feasible implementations of the undefined 
values.  

Common methods are stochastic modeling, fuzzy 
planning and management, adaptive and robust 
control, and using schedule stability respecting to 
possible variations of the numerical parameters. 

 
4.1 Statistical and Stochastic Methods 
In stochastic planning and scheduling of the steel 
smelting and continuous casting process, it is 
assumed that the duration of smelt processing, the 
heats transport time between machines and the 
moments of heat entry are stochastic variables with 
a known mathematical expectation and variance; see 
[30], [31] and [32].  

Uncertain scheduling problems are formulated as 
stochastic and the mathematical expectation is 
optimized for the used optimality criterion. 

In the article [30], a preference-based algorithm 
and a procedure for selecting the best solutions for 
the final output are proposed to minimize the 
average waiting time, the probability of casting 
breakage, and the excess of the waiting time.  

For a similar scheduling problem, a two-layered 
method is developed in [31] using a particle swarm 
optimization algorithm and a dispatching heuristic 
for real-time decision-making.  

A similar two-layered method is proposed in [32] 
for a two-criterion problem of minimizing the total 
weighted waiting time of the jobs and the weighted 
time to complete processing of the product batches. 
The decision-maker creates an initial robust 
schedule that maintains optimality and ensures the 
feasibility of the schedule over possible running 
time. To obtain the final schedule online, a dynamic 
optimization method triggered by already realized 
events was proposed in [32].  

Statistical and stochastic methods have certain 
limitations since it is necessary to have a significant 
amount of information about the relationship 
between controlled indicators and control actions. 
Large arrays of statistical samples are required to 
determine the distribution law of each stochastic 
parameter that is difficult to obtain and use in 
practice.  

The same limitations remain valid for neural 
networks [33], which training needs a large amount 
of statistical information that must be collected in 
real time based on the existing technological 
process.  

 
4.2 Fuzzy Logic Methods 
A multi-criteria model for optimizing energy 
consumption and total cost in a steel plant is 
presented in [34] and [35].  

In [34], the data that cannot be measured directly 
are replaced by empirical values. A fuzzy set 
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approach is used for selecting the optimal schedule 
corresponding to each objective function and for 
creating trade-off strategies for selecting the final 
schedule. The influence of variables such as pellet 
ratio, scrap to ore ratio, hot slab charging 
temperature, and excess gas utilization are 
quantitatively analyzed in [34].  

In the article [35], a methodology combining 
machine learning algorithms and mathematical 
programming with probabilistic constraints was 
proposed. A fuzzy clustering algorithm using 
artificial neural networks and edge detection method 
was developed. Due to this algorithm the need for 
well-defined distributions to approximate uncertain 
data was eliminated. When implementing the 
proposed approach, an improvement in the energy 
consumption criterion values was 20–70% and an 
improvement in the Pareto optimal solutions was 
50–100%. 

For the process of steelmaking in an electric arc 
furnace, a fuzzy multi-agent system was proposed in 
[36], where each process was assigned to one of the 
considered agents. The ingot casting agent 
determines the processing time at the stage, which 
differs for ingots of different weights. The vacuum 
degassing agent is responsible for controlling the 
degassing process, which includes determining the 
degassing parameters and calculating the duration of 
the treatment. An adaptive neuro-fuzzy inference 
system was used to create the agents' knowledge. 
When fuzzy systems were used, multi-agent systems 
more accurately reflected the real process. 

An intelligent model for predicting the output 
characteristics of metal products based on fuzzy 
modeling and fuzzy Takagi-Sugeno-Kang inference 
was proposed in [37] for taking into account the 
influence of the uncertain factors. To ensure 
adequate functioning of the system and to minimize 
the impact of uncertainties on the decision-making 
process, an iterative reduction of the closed intervals 
of possible durations of the operations was 
proposed. 

Despite the fact that the mathematical apparatus 
for fuzzy logic control is widely used in metal 
production, it does not allow to manage quickly the 
quality of technological operations, since the 
contribution of individual influencing parameters on 
the product quality is not clearly determined.  

The fuzzy logic method also does not make it 
possible to predict the quality of innovative or non-
standard products. Furthermore, in order to 
construct a fuzzy set, it is necessary to know the 
probability distribution of stochastic parameter 
within this set. However, information about this is 

often lacking, and variables can take any values 
from the given closed interval. 

 
4.3 Robust Methods 
The robust approach is used to solve heuristically 
optimization problems in technological systems that 
are subject to various types of perturbations. 
Undefined input data are often represented by the 
bounds of possible closed intervals.  

A two-stage robust approach was proposed in the 
article [38] for the problem of planning the steel 
smelting and continuous casting process and in the 
article [39] for the problem of determining the 
production volume and distribution of finished 
products by order with the uncertain demand, the 
possibility of product substitution and different 
modes of steel production.  

In [38], the considered problem is reduced to the 
hybrid flow shop scheduling problem with taking 
into account the uncertainty of steel production. In 
the offline stage, forecasting time series of steel 
output using historical data is created. The 
forecasting accuracy in the model is also calculated.  

In the online stage, a robust schedule is created 
using Monte Carlo simulation and a genetic 
algorithm for the probabilistic constraint 
programming model of the previous stage. 

The imbalance between fluctuating oxygen 
demand and a stable oxygen supply in the steel 
industry usually leads to excessive oxygen 
emissions and energy overconsumption. The article 
[40] addresses the problem of robust proactive 
process planning in a steel mill with parallel 
machines and uncertain maintenance times. The 
objective was to improve the machine assignment 
and processing routes rationality, to reduce 
fluctuations in oxygen consumption, and to ensure 
energy savings. It was formulated a scheduling 
problem with criteria of minimization of the average 
process time, the degree of schedule change, and 
fluctuations in oxygen consumption. 

The problem of optimal oxygen distribution in 
the steel industry was considered in the articles [41] 
and [42].  

The two-stage models of robust optimization 
with uncertain oxygen demand are proposed. An 
integrated planning model based on mixed integer 
linear programming was proposed with taking into 
account the probability distribution of oxygen 
demand. This model can become a reference model 
for other complex scheduling problems of a hybrid 
shop with different routes used for processing jobs 
on machines. 

An adaptive robust optimization system is 
proposed in the paper [24] to evaluate the dispatch 
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ability under uncertainty of steam and electric loads 
of the power supply system used in the steel plant.  

In [25], a distributed adaptive robust 
optimization framework is proposed for an 
integrated energy system in the steel industry. Gas, 
steam and electricity networks are considered as 
distributed participants. The objective function is 
defined as the minimum cost of the system over 
several periods of operation. The model includes the 
cost of carbon emissions and economic operating 
costs (i.e., the cost of gas emissions, steam 
emissions, energy purchase, start-up and shutdown 
costs of energy equipment).  

A robust optimization model was developed to 
remove the forecast uncertainties. In the 
optimization stage, the predicted result for each 
energy source is considered as uncertain interval of 
possible values of parameters. 

A combination of robust and stochastic 
approaches is used in [43] to solve the scheduling 
problem of steel smelting and continuous casting 
planning, taking into account the uncertainty of the 
processing parts durations. A model of stochastic 
planning is proposed with the search for the robust 
schedule that is acceptable for uncertain input data. 

An adaptive optimization for the worst case is 
carried out (i.e., an adaptive robust model is built). 
A schedule is then built based on adaptive stochastic 
programming without the need to solve a new 
optimization problem again. The value of the 
optimality criterion is the expected lead time, which 
is determined as the casting completion time for 
uncertain implementations. 

 
 

5 Optimizing the energy consumption 
in multi-energy iron and steel 
production 
A review of energy efficiency improvements is 

presented in [11]. Improving energy efficiency is 
based on cost-effective methods to advancing 
energy conservation via reducing emissions and 
achieving sustainable development of the multi-
energy iron and steel production.  

The review [11] presents main component units 
and energy networks within the steel production 
system. A comprehensive analysis is conducted 
from multiple perspectives: energy evaluation, 
diagnosis, benchmarking analysis, optimization and 
energy-saving measures. The review examines the 
diverse challenges encountered by steel 
manufacturing in realizing energy efficiency 
improvements and exploring energy-saving 
potential. 

It is noted in [11] that a future research directions 
must include multi-level evaluation systems, 
implementation of energy efficiency improvement 
technologies, and adoption of intelligent energy 
systems that are crucial for modern manufacturing 
in the steel sector. 

In [17], the production process is considered in 
the form of a problem of planning a flexible flow 
shop with parallel machine and batch processing at 
the middle stage. It is proposed an algorithm of an 
artificial bee colony with feedback with criteria for 
increasing the speed of response and minimizing the 
total delay and total energy consumption.  

A two-tier strategy to simultaneously improve 
production efficiency (in terms of speed, average 
energy consumption per load, and fluctuations in 
energy consumption) and reduce energy costs was 
used in [18]. To solve this problem, a multi-criteria 
evolutionary algorithm was proposed. 

In [44], a molten iron allocation problem is 
studied. The problem includes an allocation of 
molten iron from blast furnaces to steel-making 
furnaces. The input data include the release dates of 
the molten iron determined by the draining plan of 
the blast furnaces and the transport time between the 
iron-making and steel-making stages. Time 
constraints for processing the molten iron must be 
satisfied to avoid freezing. The objective function is 
to find a schedule with minimal total weighted 
completion time. This function reflects the practical 
aim of improving energy efficiency and reducing 
cost caused by the need for reheating. This 
considered problem is an NP-hard parallel machine 
scheduling problem with restricted time windows. 

The problem is formulated as an integer 
mathematical programming and solved by applying 
the Dantzig-Wolfe decomposition and branch-and-
price algorithm. It is also proposed a state-space 
relaxation-based dynamic programming algorithm 
for each sub-problem. The obtained computational 
results showed that the proposed algorithms are 
capable of solving problems with up to 100 jobs to 
optimality within a reasonable running time. 

In steel-making plants, complex chains of 
processes need to be scheduled efficiently to 
minimize time, energy cost, and maximizes 
productivity. The scheduling problem deals with 
optimizing the transport of hot metal in a steel 
production plant. In the article [45], an algorithm 
utilizing a multi-stage simulated annealing process 
adapted for the provided lexicographic evaluation is 
developed. It is based on two rounds of simulated 
annealing, each using a specific objective tailored 
for the corresponding part of the goals, with an 
emphasis on efficient moves.  
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The article [46] is devoted to the practical 
scheduling steelmaking problem with batching 
decisions and energy constraints. Batching is used to 
decide how to group and order a number of jobs to 
form groups to meet a batch production mode. 
Incorporating energy cost consideration into the 
scheduling process is motivated by practical needs 
and the potential of reducing the energy bill through 
optimal scheduling.  

Based on the proposed energy expressions, a 
mathematical integer linear programming model is 
formulated and solved using the branch and bound 
algorithm, which is enhanced by the decomposition 
strategy working as a heuristic. The benefits of the 
proposed scheduling and stability analysis results 
are demonstrated on illustrative examples. 

Computational experiments on randomly 
generated instances showed that the energy 
expression outperforms the state-of-the-art 
commercial solvers. The decomposition performs 
well running as an independent heuristic. 

In the article [47], a method is proposed to solve 
the molten iron scheduling problem; see also [44]. A 
Boolean mixed-integer nonlinear programming 
model is developed for a special case of the 
considered scheduling problem. A method to solve 
this special case is described. This method includes 
assigning machine strategy and determining a 
mathematical model of eliminating machine 
conflicts.  

Based on the developed algorithms, a heuristic 
algorithm based on the dispatching rule of First 
Come, First Served principle is developed to solve a 
general molten iron scheduling problem. The molten 
iron scheduling system with the two-stage method 
was applied to Shanghai Baosteel Company to 
realize molten iron scheduling. The results obtained 
in practice showed that this method is effective. 

The article [48] is devoted to Steelmaking–
Refining–Continuous Casting (SRCC for short). It is 
shown that SRCC is a key electricity-intensive and 
flexible process in the iron and steel production, 
having great potential in providing demand-side 
flexibility.  

Optimal scheduling of resources for SRCC is 
very important for ensuring maximal flexibility. On 
the other hand, optimal scheduling for SRCC is 
seldom studied, which leads to a low ability for 
providing flexibility at iron and steel production and 
an inability to support the participation in flexibility 
transactions and reducing energy costs.  

In [48], a basic resource–task network (RTN for 
short) and a corresponding model for SRCC 
scheduling are developed. For minimizing the 
power cost of the process (it is the objective 

function), the RTN model takes various load modes 
of refining ladle furnaces into account and provides 
an approach for scheduling flexible resources in the 
iron and steel plants. The energy cost of iron and 
steel under the RTN model for flexible resources 
was compared with that of the same model without 
flexible resources. The results of a 2-minute time-
step case study showed 12000 Yuan can be saved by 
implementing such a flexibility-based schedule. 

The one-ladle technology requires an efficient 
iron-making and steel-making interface. The 
scheduling of the hot metal ladle in the steel plant 
determines the overall operational efficiency of the 
production. Taking into account the uncertainties of 
real-world steel productions, the article [49] studies 
the dynamic scheduling problem of hot metal ladles 
and develops an uncertain data-driven three-layer 
method for solving this scheduling problem.  

A dynamic optimization of the hot metal ladle 
operation with a minimum average turnover time (it 
is the objective function) was constructed in [49]. 
The smart perception of industrial scenes and 
autonomous identification of possible disturbances, 
adaptive configuration of dynamic procedures, and 
real-time adjustment of constructed schedules were 
realized.  

The upper layer of scheduling generates a 
demand-oriented predictive schedule for hot metal 
ladles. The middle layer of scheduling adaptively 
adjusts this predictive schedule to obtain a feasible 
schedule according to the factual supply-demand 
relationship. In the lower layer of scheduling, three 
dynamic scheduling strategies were designed based 
on the characteristics of the dynamic disturbance, 
namely: real-time flexible fine-tuning, local 
machine adjustment, and global rescheduling.  

Tested cases with 24h production data on a day 
during the system operation of a steel plant showed 
that the method effectively reduced the variation and 
operation time of the hot metal ladle and improved 
the stability of the iron making and steelmaking 
interface production rhythm. The data-driven 
dynamic scheduling strategy was effective, and the 
proposed method improved the operation efficiency 
of hot metal ladles. 

 
 

6 Discussion and Prospects 
In the article [50], comparing production planning 
and scheduling in metallurgy with other industries 
was realized. It was shown that metallurgical 
production is one of the most complexes in terms of 
production planning and scheduling.  

The following six features of scheduling in 
metallurgy have been analyzed in [50].  
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1. A large assortment (tens of thousands of 
items), the need to take into account the specific 
requirements of customers that are fixed in the order 
(dimensions, chemistry, permissible deviations) 
when planning and scheduling.  

2. A large number of redistributions (dozens of 
redistributions), numerous of alternative 
technological routes and units (alternative furnaces, 
converters, continuous casting machines, slitting 
and cross-cutting machines), equipment operating 
modes.  

3. The need to take into account changeovers, 
which take a lot of time and, accordingly, 
significantly affect production volumes.  

4. The need to take into account specific rules 
and requirements related to the peculiarities of 
equipment operation (serial heats, rules for rolling).  

5. The need to take into account the possibility of 
picking a blank from the warehouse.  

6. The need to transfer production plans to the 
workshop and obtains information on the actual 
production in real time (or sufficiently close to real 
time). 

The review presented in Sections 1–5 shows that 
only a part of published research for scheduling in 
steel making takes into account the uncertainty of 
input data, possible changes of the technological 
routes, and disruptions of machines or equipment. 

The most commonly used approaches used for 
production planning and scheduling in the 
steelmaking industry are based on mixed integer 
linear programming and different heuristic 
algorithms. Therefore, if unexpected events arise 
and the initial plan and schedule must be changed, 
then the changed plan and schedule for continuing 
the modified technological processes must be newly 
calculated.  

Most published models, methods and algorithms 
for scheduling in the steel industry cannot provide 
stability and close correlation with already partially 
realized schedules and newly constructed ones due 
to unexpectedly changed technological routes or 
changed data. To overcome these drawbacks, we 
propose to use a stability method for scheduling jobs 
in some appropriate steel-making processes.  

Several versions of the stability method were 
described in the articles [51], [52], [53], [54] for 
scheduling problems and in the articles [55] and 
[56] for other discrete optimization problems with 
multiple criteria.  

 
6.1 Optimization Methods Based on Solution 
Stability 
Some classical scheduling problems arising in steel 
smelting and continuous casting can be considered 

as a problem of scheduling jobs in a flow-shop or 
job-shop with minimizing schedule lengths (or 
production cost or penalty for due-date delay).  

Most production processes in steel making 
include several stages for using dedicated (different) 
machines for a single direction of product (job) 
movement. Such a problem of creating an optimal 
schedule is called a flow-shop scheduling problem 
with uncertain duration of technological operations 
and the criterion of minimizing the schedule length 
(or other schedule parameters).  

Only closed intervals of possible operation 
durations are assumed to be known before 
scheduling. Using the three-field notation specified 
in [57], this uncertain scheduling problem may be 

denoted as max| |L U
i i iF p p p C   provided that 

all machines are different and as 

max| |L U
i i iHF p p p C  , if there are identical 

machines in the flow-shop. 
The stability method used for solving scheduling 

problems with uncertain parameters include the 
following sequence of steps completely or partially 
(see articles [51] and [52]):  

- The analysis of stability of the optimal schedule 
to possible variations of input data (the stability 
region or radius of the optimal schedule has to be 
calculated);  

- At the off-line stage, the construction of the 
Minimum Dominant Set of semi-active schedules 
(MDS for short) before the start of technological 
operations;  

- A multi-stage decision-making process before 
the start of technological operations and at the on-
line stage when some of the technological 
operations have been completed;  

- To select an optimal schedule from the 
remaining MDS when it is possible; otherwise, to 
use an appropriate heuristic for choosing a schedule 
for processing the remaining technological 
operations.  

In the stability method, it is usually assumed that 
the durations of the technological operation (and 
other numerical parameters) can take any real values 
from the specified closed intervals (segments).  

The MDS must contain at least one optimal 
schedule for each possible scenario of input data; 
see [51] and [52]. Since there is usually no schedule 
that remains optimal for all scenarios of possible 
operation durations, it is advisable to minimize the 
cardinality of the constructed MDS.  

A two-stage flow-shop scheduling system with 
uncertain operation durations and makespan 

criterion max2 | |L U
i i iF p p p C   was considered 
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in the article [50], where the MDS was represented 
as a circuit-free digraph of schedule dominance. The 
properties of the schedule dominance digraph have 
been investigated in [51].  

In the article [52], precise and heuristic 
algorithms for solving the job-shop problem 

max| |L U
i i iJ p p p C   (in the job-shop, machine 

routes are given different for different jobs) are 
developed for selecting an effective schedule from 
the constructed MDS. The developed algorithms are 
polynomial in the number of jobs n, the asymptotic 
complexity being O(n2). 

The constructed MDS allows the scheduler to 
quickly make good decisions about optimal 
scheduling the remaining jobs in real time when 
additional information about the jobs already 
performed becomes available.  

The article [51] discusses on-line decision-
making, when local information about the 
performance of some technological operations 
becomes known. On-line planning algorithms with 
asymptotic complexity O(n2) have been developed, 
and a computational experiment has been carried out 
to show the effectiveness of the proposed stability 
method for solving optimization problems under 
uncertainty of the numerical parameters. 

 
6.2 Possible Generalization of the Stability 
Methods for Using in Steel and Iron 
Production 

The published articles on the stability method 
deal with classical scheduling problems. The 
published stability methods allow considering 
possible changes in the duration of technological 
operations in one or more technological stages; see 
point (a) in Introduction and point (6) in Section 4.  

We next outline possible extensions of the 
stability method such that the stability method will 
be available for constructing schedules for steel and 
iron making if input data will be uncertain. Thus, 
our aim is to describe how to present uncertainties 
(b), (c), (d), (4), (5), (7) and (8) in the weighted 
mixed graph models used in the stability method.  

It should be noted that input data and scheduling 
methods were based on the networks in the form of 
the weighted mixed graphs in articles [51], [52] and 
other publications on the stability approach used for 
classical scheduling problems.  

Let input data of the general scheduling problem 

max| |L U
i i iG p p p C   are represented as a 

weighted mixed graph ( , , )G Q A E . In the mixed 

graph ( , , )G Q A E , all technological operations 
are represented by the vertices of the set Q, the 

precedence relations determined on the set of 
operations are represented by the arcs of the set A, 
and the prohibitions of performing operations on the 
same equipment (machines or tools) are represented 
by the edges of the set E. 

If the execution times of all technological 
operations Q are precisely known before the start of 
planning the production process, then we associate a 
non-negative real weight pi (this is the duration of 

operation Qi ) with each vertex Qi  in the 

mixed graph ( , , )G Q A E . As a result, we obtain 

a weighted mixed graph ),),(()( EApQpG  .  
The set of circuit-free digraphs 

1 2( ) { , ,..., }G G G G   generated by the mixed 

graph ),,( EAQG   by replacing its edges with 
arcs determines the set of all semi-active schedules 

of the problem max| |L U
i i iG p p p C  ; see [58]. 

If vector ),...,,( ||21 Qpppp   of the durations of 
all technological operations Q is known, the 
weighted digraph of the set 

1 2( ) { , ,..., }G G G G   uniquely determines the 
earliest completion time of each technological 
operation. The feasibility of the schedule does not 

depend on the vector ),...,,( ||21 Qpppp   of 
operations durations. In other words, the set 

},...,,{)( 21 GGGG   of circuit-free digraphs 
defining the set of semi-active schedules of the 

problem max| |L U
i i iG p p p C   is completely 

determined by the mixed graph ( , , )G Q A E  
without any weights. Information about the vector 

),...,,( ||21 Qpppp   of processing times is needed 
to determine whether the corresponding schedule is 
optimal or not, i.e., the optimality of the schedule is 
determined by the weighted mixed graph 

),),(()( EApQpG  . 
Due to the high uncertainty of input data in steel-

making processes, it is impossible to construct an 
optimal schedule in most cases. Thus, the stability 
method may be based on constructing the following 
Minimal Dominant Set of Approximate Schedules 
(MDAS for short) with a guaranteed error.  

Definition: A subset )(min G  of the set of 

circuit-free digraphs 1 2( ) { , ,..., }G G G G   

generated by a mixed graph ( , , )G Q A E  by 
replacing its edges with arcs is MDAS if for each 

fixed vector ),...,,( ||21 Qpppp   of the operation 

durations, the subset 
min ( )G  of the set 
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1 2( ) { , ,..., }G G G G   contains at least one 
approximate schedule with a given error.  

In contrast to the shop scheduling problems 

max| |L U
i i iF p p p C  , max| |L U

i i iG p p p C   
and other classical scheduling problems, where a 
single machine performs each operation (task), in 
the multi-stage system, with multiprocessor tasks, 
the task may require several dedicated processors 
during the entire time of processing this task; see 
[58] and [59].  

In the article [59], the mixed graph model was 
developed for scheduling problems max|| CGMPT  
with multiprocessor tasks. Two types of the 
precedence relations can be given in input data, 
namely: the operation must be completed before 
starting another operation; and the start-start 
precedence constraint when one operation must start 
before starting another operation.  

It may be required that a subset of multiprocessor 
tasks has to be performed simultaneously in each 
feasible schedule.  

Moreover, realize dates of the jobs and due dates 
for job completions are presented in the mixed 
graph models used in the article [59].  

The above generalizations of the mixed graph 
models allow presenting the uncertain factors (4), 
(5), (7), and (8) described in Section 4.  

The scheduling problems for steel making are 
usually multi-criteria in nature. The stability 
approach to multi-criteria optimizations was 
developed in articles [55] and [56].  
 

 
7  Conclusion 
This article provides a condensed review of the 
resent publications in English and Russian on 
modeling and scheduling in metallurgy and steel 
production. The attention is focused on the 
inaccurate data and uncertain factors characterizing 
most planning and scheduling problems arising in 
modern iron and steel making. 

Complex metallurgical production systems 
operate with incomplete and imprecise initial data. 
This uncertainty must be taken into account when 
developing models of such systems for designing 
blank processing schemes and predicting the 
properties of processed materials.  

Planning of technological operations in the steel 
smelting-continuous casting process is a 
"bottleneck" in steelmaking. Therefore, production 
planning and scheduling for steel smelting-
continuous casting is an uncertain scheduling 
problem with multiple criteria. This problem can be 

formulated as an optimization scheduling problem 
on the weighted mixed graph presenting input data. 

To solve this problem, methods and models of 
scheduling theory are used. The article proposes to 
use a method based on the stability of approximate 
schedules. This method uses the concept of a 
minimum dominant set of schedules. For steel 
production planning, the concept of MDS should be 
generalized to a dominant set of approximate 
schedules with a given error. 

In forthcoming research, we plan to develop 
appropriate network models based on weighted 
mixed graph and multi-graph for presenting 
uncertain input data for some steel making 
technological processes. Stable scheduling 
algorithms will use these models to construct 
schedules that are fairy close to factually optimal 
schedules. 
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