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Metallurgy industries often use steel billets, at a proper temperature, to achieve the desired metallurgical, mechanical, and
dimensional properties of manufactured products. Optimal operation of steel billet reheating furnaces requires the minimization
of fuel consumption while maintaining a homogeneous material thermal soak. In this study, the operation of a reheating furnace is
modeled as a nonlinear optimization problem with the goal of minimizing fuel cost while satisfying a desired discharge temperature.
For this purpose, a genetic algorithms approach is developed. Computational simulation results show that it is possible to minimize
costs for different charge temperatures and production rates using the implemented method. Additionally, practical results are
validated with actual data, in a specific scenario, showing a reduction of 3.36% of fuel consumption.

1. Introduction
In rolling, a piece of material is passed between two rotating
cylinders to reduce the cross-sectional area. In this process,
the equipment should be able to expose the burning material
to a sequence of passes [1]. Products manufactured by rolling
process include plates, sheets, bobbins, profiles, bars, angles,
and rebars, using steel blocks, plates, or billets as input
material. Rolling can be categorized into two primary groups,
hot rolling and cold rolling.
In the hot rolling process, one of the most important
steps is steel reheating [2, 3]. In this step, steel billets, plates,
or blocks are heated to the temperature that will guarantee
good conditions for the rolling process and the surface quality
of the product. The reheating step occurs in furnaces. The
purpose of reheating step is to heat loaded steel from its initial
temperature, generally room temperature, to the desired
temperature, using as little fuel as possible and without
affecting the material soak [4, 5].

The operation of reheating furnaces is therefore of great
importance to the ferrous metallurgy process from economic,
production, and environmental viewpoints. Economically,
the consumption of fuel needed for reheating can represent
up to 15% of the operational cost of a rolling process [4].
With respect to productivity, a furnace capacity commonly
dictates the production rate for the rollers, which means that
reheating is usually the bottleneck in achieving the maximum
production volume. In addition to these factors, environmental relevance is important because our World is moving
towards sustainability, developing actions to decrease fossil
fuel consumption, thus reducing greenhouse gas emissions.
The operation of a reheating furnace is modeled here
as an optimization problem with the goal of lowest cost
fuel consumption while maintaining capacity constraints and
guaranteeing that steel billets are at the desired temperature
after reheating, even in the presence of eventual interferences.
Constraints imposed by the process are nonlinear, causing
difficulties when seeking for simple solutions. Calculation of
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the steel billet temperature during the reheating process is not
a straightforward task, because heat transfer to the steel billets
is influenced by many factors, such as internal temperature of
the furnace, flow rate of fuels, thermal values of the fuels, and
flow rate of air.
Since 1970s, reheating furnace modeling and control
problems have been subject of many research studies. However, there are just a few studies that address models of
temperature dynamics in a furnace as a function of fuel and
air flow rates, which would thus allow calculation of fuel
costs. These studies have addressed mathematical modeling
of heat transfer which occurs inside these furnaces using
mathematical models developed to estimate temperature of
the material during reheating process through simulations
using internal temperatures of the furnace as input [3, 6, 7].
The study of Gorni et al. [4] demonstrates that reheated
material, in this case steel plates, is heated by two forms of
heat from inside of the furnace: radiation and convection.
Experiments were performed measuring the temperature of
plates during an entire reheating process and results were
satisfactory, validating the proposed model.
In order to better describe the dynamic behavior of
the furnace, Kim et al. [8] propose a modified modular
neural network for the supervisory control of a reheating
furnace capable of dividing a complex task into subtasks
and modeling each one with an expert network. Based on
a discrete state space reheating furnace model developed,
a dynamic model based optimization strategy giving the
optimal set points of the furnace zone temperatures and a relevant computer control system have already been presented
in [9]. Furthermore, some works [10, 11] use an improved
extreme learning machine (ELM) method to establish a billet
predictive model between billet temperature variable and
heating process variable.
It is also common to find mathematical models in the
literature which describe the thermodynamic behavior of
plates as a function of atmospheric temperature of reheating
furnace. Some works present improvements in proportional
integral derivative (PID) controllers responsible for controlling internal temperatures of the furnace in each zone, using
air and fuel flow rates as measurements [12–14]. Under the
black-box identification paradigm, first-order and secondorder structures with a pure time delay for a given operational
point are generally selected to represent models as transfer
functions. As a result, these studies obtained a reduction of
fuel consumption, but they did not guarantee that consumption approached the possible optimal point.
In 2010, Xuegang et al. [15] presented the idea of transforming reheating furnace control into an optimization problem using immunological algorithms to find the best heating
curve. However, their study does not include some practical
constraints of the process, such as the ability to vary internal
temperature of the furnace (furnace dynamics), which is a
limiting factor [13]. Other unconsidered constraints were
fuel and combustion air capacities. More recently, Steinboeck
et al. [16] design a nonlinear model predictive controller
for a continuous reheating furnace for steel slabs, which
defines local furnace temperatures so that the slabs reach
their desired final temperatures. A nonlinear unconstrained
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optimization problem is solved by standard quasi-Newton
methods, without guarantee of finding global optimal.
In that type of approach, minimization of fuel consumption costs is indirectly one of the objectives, represented
by the smallest integral of the internal temperature of the
furnace. That is, there is not a direct relationship between
temperature in the furnace and fuel cost. In addition, it is
possible to find solutions with different costs that present
the same integral of internal temperature. This occurs in
reheating ovens because the relationship between internal
temperature and fuel flow rate depends on initial conditions
and exhibits different behaviors in each control zone.
Optimization, computational intelligence, and genetic
algorithms have been applied in other furnace problem
situations. For example, the use in the context of reheating
furnace scheduling can be pointed out [17–19] to predict
highly precise set points in a continuous annealing furnace
[20] and to adjust the temperatures of the inner zones of a
pusher furnace [21].
In this study, mathematical models which describe
reheating process and, subsequently, optimization algorithms
to find the optimal operating point of a furnace are developed. The proposed study is relevant because it proposes
optimization models that relate fuel flow rates with billets
temperature and optimization methods that minimize the
total cost, respecting all process constraints. In this context,
evolutionary algorithms, especially genetic algorithms, have
presented satisfactory performance in the search for optimal
solutions [22]. Because of this, genetic algorithms have been
increasingly used in industrial applications.
The main contributions of this paper are threefold: (i)
development of a mathematical differential equation model
which allows for calculation of steel billet temperature in each
control zone during the reheating process and the conception
of a dynamic first-order system with pure time delay that
determines the relationship between fuel flow rates and
internal temperature of furnaces. All parameters are validated
by a real-data experiment; (ii) proposition of a nonlinear
optimization model for minimization of energy costs in a
reheating furnace per unit time and implementation of an
effective genetic algorithm as an optimization machinery
with specific operators, capable of generating only feasible
solutions in reasonable computational time. All parameters
are set through a wide statistical experiment; and (iii) investigation of a case study in an actual furnace, in which results
show that using the proposed solution for furnace operation
resulted in a reduction of approximately 3.36% of energy
costs, when compared to the standard operating mode.
This study is organized as follows. In Section 2, reheating
process is described. In Section 3, some reheating furnace optimization models are presented. In Section 4, the
methodology is presented. In Section 5, practical results are
discussed. Finally, Section 6 presents some conclusions and
proposals for future studies.

2. Description of Reheating Furnaces
Reheating furnaces, considered a fundamental part of ferrous metallurgy products manufacturing, are responsible for
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heating steel billets to desired temperatures. In this process,
billets go into a furnace, are heated, and then exit at ideal
temperatures for the rolling process. Generally, they are large,
with dimensions on the order of 10 to 30 m long, and they
operate at high internal temperatures (higher than 1100∘ C).
Reheating furnace in this study is a pusher-type reheating
furnace, an older design characterized by a refractory hearth.
One characteristic of this type of furnace is that steel billets
are placed in contact with one another inside the furnace.
That is, there is no free space between billets; therefore, it
is difficult to unload them. In addition, to load a new piece,
another piece must first be unloaded. Another disadvantage
of these furnaces is the possibility of superposition of adjacent
parts, in the case that parts are significantly different in size
or there is a large volume of mill scale inside the furnace.
Discharged billets either are rolled and become products or
are rejected and returned to a billet stock patio; it is not
possible to return discharged billets to the furnace.
Pusher furnaces usually have three control zones: preheating, heating, and homogenization. The latter two, heating
and homogenization, each may be further subdivided into
right and left or bottom and top, depending on the structure
of the furnace. When loaded into a furnace, billets first
pass through preheating zone and then heating zone and
finally soak zone, from where they are discharged. Preheating
zone, also known as convective zone or booster zone, is
characterized by the absence of burners. Instead, hot gases
that originate in the subsequent zones and pass through
preheating zone provide the energy for reheating process.
Therefore, in preheating zone, heat transfer to billets occurs
through convection. Heating zone contains burners and
is usually the largest zone by volume inside a furnace.
In heating zone, heat transfer to billets occurs by both
convection and radiation, from refractories on the walls,
from the furnace domes, and from burner flames. In this
zone, billets receive the most heat, allowing the material to
reach a temperature near the final desired temperature at its
surface. Finally, homogenization zone, also known as soak
zone or equalization zone, is the last zone through which a
billet passes inside the furnace. This zone has the purpose
of guaranteeing homogeneity of billets temperature through
their entire volume, ensuring a low temperature difference
between the hottest and coldest points. This is the hottest
zone in the furnace, having an operational temperature above
1200∘ C. Similar to heating zone, heat transfer in this step
occurs by both convection and radiation.
A reheating furnace can use liquid or gas fuel, depending
on its design and fuel availability. Gas fuels used in reheating
furnaces include blast furnace gas (BFG), coke gas (CG), steel
mill off-gas (SMOG), natural gas (NG), liquefied petroleum
gas (LPG), and mixed gas (a mixture of other gas types).
Commonly used liquid fuels include heavy oils and tarderived oils. Each fuel has specific characteristics with respect
to chemical composition, energy value, and the form in which
it is used [23]. Energy value of each fuel is determined by its
chemical composition.
Billets rolled at temperatures lower than the optimal
temperature may experience operational problems, such as
increased wear on rolling chains and excessive scrapping.
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These factors increase production cost and may cause failures
in execution of a production plan. Hence, precise control of
material temperature in reheating furnaces, performed by a
cascade effect, is required. Fuel burners heat the inside of the
furnace, which in turn heats steel billets. A furnace contains
burners in heating and homogenization zones. For each
burner, fuel flow rates and oxidant (atmospheric air) flow
rate obey a stoichiometric ratio of combustion. Therefore,
atmospheric air flow rate capacity can be an operational
bottleneck to the process.
Another important characteristic of furnaces is the disturbance caused by variation of temperature at which billets
are inserted into the furnace, that is, “loading temperature.”
Billets are not always inserted at same temperature, which is
a function of material stock time. When loading temperature
varies, it is necessary to alter fuel flow rates to maintain a
controlled reheating process.
Finally, changes in production rate of the roller also cause
disturbances in the internal temperature of a furnace. When
rolling process stops, billet discharge is interrupted, forcing
billets to remain longer inside the furnace. This extended
residence time tends to overheat these billets. Therefore, if
interruptions of the roller occur, fuel flow rates should be
decreased.
Pusher reheating furnace used in this study is 20 m long
and 12.80 m wide. Steel billets have a square cross section
of 130 mm on each side and approximately 12 m long. Fuels
used in the furnace were BFG and oil. The desired discharge
temperature is above 1100∘ C.

3. Optimization Model of Reheating
Furnace Costs
3.1. Mathematical Model of a Steel Billet Reheating. In present
study, the proposed mathematical model enables calculation
of billet temperature during the entire reheating process. By
adapting the model proposed by Gorni et al. [4] and considering steel billet temperature as uniform along its entire volume,
energy balance of reheating process is described by the system
of equations (see (1)) as follows:
𝑑𝑄𝑟 𝑑𝑄𝑐
𝑑𝑇
+
= 𝑚𝑐 ,
𝑑𝑡
𝑑𝑡
𝑑𝑡
𝑑𝑄𝑟
= 𝜎𝐴 (𝑇𝐴4 − 𝑇4 ) ,
𝑑𝑡

(1)

𝑑𝑄𝑐
= ℎ𝑐 𝐴 (𝑇𝐴 − 𝑇) ,
𝑑𝑡
where 𝑄𝑟 is the amount of heat a billet receives by radiation,
𝑄𝑐 is the amount of heat this billet receives by convection, 𝑇
is the billet temperature, 𝑚 is the billet mass, 𝑐 is the specific
heat of the billet, 𝐴 is the area of the billet that receives heat,
𝑇𝐴 is the internal temperature of the furnace, 𝜎 is StefanBoltzmann constant, and ℎ𝑐 is the convective heat transfer
coefficient between air and billet.
To determine temperature of the billet as a function of
time, it is necessary to know the internal temperature of
the furnace (𝑇𝐴(𝑡)) during the entire reheating process. For
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a numerical solution of the system of equations (see (1)), a
Runge-Kutta fourth-order method is applied [24]. Initial condition 𝑇(0) is the loading temperature, that is, temperature at
which billets are inserted into the furnace. It is obtained using
an infrared temperature sensor, responsible for measuring the
temperature at which each billet enters the furnace. The final
temperature of a billet, the discharge temperature, is the most
important information in the process and cannot be lower
than the minimum limit necessary for the rolling process.
The internal temperature is not measured in all parts of
the furnace. Furnaces usually have a single sensor for the
internal temperature in each control zone. Hence, the models
assume that temperature in each zone is homogeneous. In
preheating zone, there is no temperature sensor. The internal
temperature in this region is thus defined as a linear function
that interpolates from internal temperature of the heating
zone to internal temperature at the input of exhausting
system.
Another important consideration in the model is the fact
that specific heat of steel varies as a function of its temperature
[25]. That is, for some temperature values, it is necessary to
provide more energy for an increase of 1∘ C.
3.2. Relation between Internal Temperature of a Furnace and
Fuel Flow Rates. To determine relationship between fuel
flow rates and internal temperature of the furnace, dynamic
systems identification techniques are used for estimation
of model parameters (black-box modeling). Temperature
meshes of the process presented a typical response of firstorder systems with pure time delay [26].
The model is thus represented by (2) as follows:
𝑌 (𝑠) 𝜅 exp (−𝜎𝑠)
=
,
𝑋 (𝑠)
𝜏𝑠 + 1

3.3. Energy Cost Optimization Model. Energy cost of the
reheating furnace per unit time is calculated by adding
consumption of each fuel per unit time in each control zone,
multiplied by its respective unit cost. For the calculation, time
is discretized with an interval of 4 min.
The decision variable corresponds to the flow of a fuel in
a control zone in an instant of time. The objective function
used to find the lowest cost is described by (3) as follows:
𝑖

𝑗

𝑡

where
(i) 𝐶 denotes energy cost per unit time;

(iii) 𝑗 denotes the control zone of the furnace, that is, 𝑗 = 1
or 2 (homogenization or soaking);
(iv) 𝑡 denotes each time instant considered in discretization;
(v) 𝑉𝑖,𝑗,𝑡 is the flow rate of fuel 𝑖 in control zone 𝑗 at time
instant 𝑡;
(vi) 𝑃𝑖 is the unit cost of fuel 𝑖.
Constraints imposed on the problem are the following:
(1) Each fuel is used at maximum flow rate capacity in
each control zone.
(2) Air flow rate is also at maximum capacity in each
control zone.
(3) For safety purposes, internal temperature of the
furnace is kept at maximum limits allowed in each
control zone.
(4) Maximum limits of fuel flow rates are varied; therefore, flow rates of candidate solutions cannot change
more than the allowed amount between two consecutive time steps.
(5) Steel billets discharge temperature should be higher
than the minimum temperature required for the
rolling process.
Equations (4) to (8) show the foregoing constraints as
follows:

(2)

where 𝜅 is the system gain, 𝜎 is a pure time delay, 𝜏 is
the time constant, 𝑌(𝑠) is the output Laplace transform
(internal temperature of the furnace), and 𝑋(𝑠) is the Laplace
transform of the input signal (fuel flow rates).
A model is defined for each control zone of the furnace
and for each fuel. During the tests for identification of each
model, flow rates of other zones are held constant. Coupling
of control meshes that would determine the influence of one
zone over another is not considered in this model.

min 𝐶 = min ∑∑∑𝑉𝑖,𝑗,𝑡 𝑃𝑖 ,

(ii) 𝑖 denotes each type of fuel used in the furnace, that is,
𝑖 = 1 or 2 (BFG or oil);

(3)

0 ≤ 𝑉𝑖,𝑗,𝑡 ≤ CAP𝑖,𝑗

(4)

0 ≤ 𝑉𝑎𝑟𝑗,𝑡 ≤ CAP𝑎𝑟𝑗

(5)

𝑇𝑎𝑗,𝑡 ≤ 𝑇𝑎Max𝑗


𝑉𝑖,𝑗,𝑡+1 − 𝑉𝑖,𝑗,𝑡  ≤ Δ𝑉𝑖,𝑗,𝑡 Max


𝑇𝑑 ≥ 𝑇𝑑Min,

(6)
(7)
(8)

where
(i) 𝑖 denotes fuel type used in the furnace;
(ii) 𝑗 denotes control zone in the furnace;
(iii) 𝑡 denotes the time instant in discretization;
(iv) 𝑉𝑖,𝑗,𝑡 is flow rate of fuel 𝑖 in control zone 𝑗 at time
instant 𝑡;
(v) CAP𝑖,𝑗 is the maximum flow rate capacity of fuel 𝑖 in
control zone 𝑗;
(vi) 𝑉𝑎𝑟𝑗,𝑡 is air flow rate in control zone 𝑗 at time instant
𝑡;
(vii) 𝑇𝑎𝑗,𝑡 is the internal temperature of the furnace in
control zone 𝑗 at time instant 𝑡;
(viii) 𝑇𝑎Max𝑗 is the maximum internal temperature of the
furnace allowed in control zone 𝑗;

Modelling and Simulation in Engineering

5

GA-1

GA-2

Initial population
Generation-1
(randomly)

Initial population
Generation-2
(furnace actual condition)

Selection
(roulette wheel)

Selection
(roulette wheel)

Crossover-1
(combined in pairs, 65%)

Crossover-2
(split and exchange, 65%)

Mutation-1
(gene modification, 5%)

Mutation-2
(interpolation between genes, 5%)

Calculate fitness of
individuals

Calculate fitness of
individuals

Satisfy number
of generations?

Satisfy number
of generations?

End

End

Figure 1: Flowcharts explaining the structure of GA-1 and GA-2.

(ix) CAP𝑎𝑟𝑗 is the maximum air flow rate in control zone
𝑗;
(x) Δ𝑉𝑖,𝑗,𝑡 Max is the maximum variation allowed for flow
rate of fuel 𝑖 in control zone 𝑗 and time instant 𝑡;
(xi) 𝑇𝑑 is the discharge temperature of steel billets;
(xii) T𝑑Min is the minimum required discharge temperature.
In this way, a nonlinear optimization problem is formulated. To find solutions within the practical range, determining fuel flow rates in each control zone for each time
instant which generates the lowest cost is not trivial. In
furnace operation, the simple task of finding adequate flow
rates to meet requirements represents a high degree of
complexity. When adjusted manually, operators practice for
many months until they are ready to operate the furnace
without violating process constraints.

4. Optimization Machinery
To solve this nonlinear optimization problem, an approach
based on genetic algorithms is selected. This choice is motivated by ability of genetic algorithms to cover the solution
space in searching global optimal solutions for their flexibility
to adapt to changes in the proposed problem and because of
their increasing use in industrial sector [22].
Two genetic algorithms are developed specifically for this
study, called GA-1 and GA-2. The two algorithms differ in

the generation of initial population and in mutation and
crossover processes. GA-1 is more similar to the simple form
of a genetic algorithm. GA-2 is developed with the idea of
including practical knowledge of the problem to help in the
searching process. Figure 1 explains the general structure of
both algorithms in flowcharts.
Constraints described by (4), (5), and (7) are respected
during the generation of initial population and during
crossover and mutation operations. Constraints represented
in (6) and (8) are treated as penalty conditions, increasing the
cost for individuals who violate them. Penalty is implemented
by multiplying the difference between actual and desired
temperatures by one thousand whenever actual temperature
is higher than the desired value.
In the process of creating the optimization mechanism,
the following steps are necessary: definition of individuals
(codification); definition of initial population generation
method; development of selection, mutation, and crossover
operations; definition of the fitness function; and calculation
of the cost with penalty.
The codification algorithm is such that each gene represents flow rate of a fuel in a control zone at given time
instants. Each individual is defined as a set of four vectors
that represent flow rates of each fuel in each control zone at
each time instant. Hence, an individual represents a candidate
solution for the problem and from this it is possible to verify
whether constraints were respected and to find its energy
cost.
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Table 1: Parameters found for 1st-order model for BDG and oil in each control zone.
BDG heating zone
3.2
0.021
3.8

For GA-1, the initial population is randomly generated
between minimum and maximum allowed values. In this
population, some process constraints are respected; that is,
flow rate of each fuel cannot be higher than its capacity, air
flow rate cannot be higher than capacity, and variation of
fuel flow rates between two consecutive time instants cannot
be higher than a set maximum change. These constraints
are also guaranteed in crossover and mutation operations.
In crossover operation used in GA-1, selected individuals
are combined in pairs, with a probability ratio of 65%, and
for each pair of individuals, flow rates of each control zone
for each fuel are changed. Crossover operation generates
two offspring different from parents. As a result, these
new individuals are tested to verify whether they meet the
constraint of maximum air capacity. If new individuals do
not meet that constraint, then crossover operation is canceled
and offspring becomes a copy of the parent. GA-1 mutation
operation is implemented to apply a change in a given gene,
with a probability ratio of 5%, and, when it occurs, flow rate
of a fuel at a given time is randomly modified, respecting
capacity constraints and allowed variations.
In GA-2, initial population is generated from actual flow
rates in the furnace at initial instant. That is, it is assumed that
the operational condition of the furnace is a good estimate
of the optimal solution. To create different individuals, each
gene is randomly disturbed. In GA-2 crossover function,
selected individuals are combined in pairs and, for each pair
of individuals, flow rates are divided at a single point and
information is exchanged at this point, with a probability ratio
of 65%. After the exchange of information, offspring are tested
to verify that they obey the constraints of maximum allowed
variation and maximum capacity. GA-2 mutation operation
is implemented by applying a linear interpolation between
two randomly selected genes in each flow rate of each control
zone, with a probability ratio of 5%.
The method of selection for both algorithms is a roulette
type selection, where the probability of selecting an individual is proportional to its aptitude. Linear ranking is used
for aptitude function. Elitism is implemented, guaranteeing
that the individual with the best aptitude is selected for next
generation. The stop criterion used for both algorithms is the
maximum number of generations.

5. Results
Results from the implementation of proposed reheating
mathematical model are presented. Then, results from
the optimization algorithms are presented. Finally, results
achieved by applying the optimizer to the furnace operation
are presented.

Oil homog. zone
3.0
0.018
2.3

Oil heating zone
3.1
0.22
2.1

Table 2: Mean absolute error of 1st-order model for BDG and oil.
Homog. zone
1.12
1.25

BDG
Oil

Heating zone
1.37
1.45

Step test of the heating zone
100
90
80
70
60
50
40
0

5

10

15

20 25 30
Time (min)

35

40

1180
1175
1170
1165
1160
1155
1150
1145
45

Temperature (∘ C)

BDG homog. zone
3.1
0.005
3.9

BOF flow rate (Nm3 /h)

Parameters
𝜎 (min)
𝜅 (∘ C/flow unit)
𝜏 (min)

BOF flow rate
Furnace temperature

Figure 2: BFG (%) and internal furnace temperature (∘ C) during the
identification test.

5.1. Definition of Reheating Model Parameters for Steel Billets.
To validate the model relating fuel flow rates with the internal
temperature of the furnace, results for actual discharge
temperature are compared to the proposed mathematical
model. An absolute mean error of 10∘ C is acceptable because
precision of the temperature sensor is approximately 12∘ C.
Initially, tests were performed by applying step size flow
rate of each fuel and measuring the internal temperature of
the furnace in each control zone. Graph shown in Figure 2
is a plot of test results relating BFG flow rate and the internal
temperature. In this test, flow rate was increased by 10% every
10 min and the change in temperature was measured. With
this test, the static gain (𝜅), the dominant time constant (𝜏),
and the pure time delay (𝜎) for each model can be estimated.
These parameters were estimated by applying the minimum
mean square error to the test data. Resulting parameters are
shown in Table 1.
Figure 3 shows a comparison between model predictions
and actual data. Data show that the temperature proposed by
the model is close to the actual temperature. Table 2 shows
absolute mean errors for each model. Errors obtained with
the reheating model are within allowable limits, based on
expected error shown in the results of Teixeira et al. [12] and
on common furnace control practice.
Hence, the model relating fuel flow rates to the internal temperature of the furnace is complete. This model is
implemented in MATLAB © (from MathWorks, USA). This
model allows the internal temperature of the furnace to be

1180
1175
1170
1165
1160
1155
1150
1145
1140
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Furnace temperature
Model temperature

determined from fuel flow rates during an entire reheating
process. This information is then used by the reheating model
in the calculation of temperature of steel billets inside the
furnace. Consider the following scenario: loading temperature (𝑇(0)): 450∘ C, inlet temperature from exhausting system:
900∘ C, temperature of heating zone: 1190∘ C, temperature of
soak zone: 1260∘ C, and reheating time: 230 min. Figure 4
illustrates the behavior of internal temperature in the furnace
and temperature of steel billets during the reheating process.
The furnace temperature data in Figure 4 show the
three temperature control zones. They also illustrate heating
dynamics of steel billets and the influence of the change in
specific heat as a function of temperature, that is, at approximately 735∘ C, after approximately 80 min of reheating, the
temperature of steel billets indicates a decrease in heating rate.
For this example, the discharge temperature of steel billets
is approximately 1115∘ C, an acceptable temperature for the
rolling process.
To validate the steel billet reheating model, 98 data points
of actual recharging temperature are compared with recharging temperatures predicted by the proposed model. Data were
collected during different production scenarios with nominal
production rates. Results are shown in Figure 5, which shows
a dispersion graph between actual recharge temperature and
recharge temperature predicted by the model. The ideal line
is displayed in red, and a line which best fits the points is
displayed in blue.
5.2. Definition of Parameters for the Genetic Algorithms. To
define the parameters for GA-2 genetic algorithm, the model
is executed by varying number of individuals and number of
generations. For this comparison, the following parameters
are used in the model: production per hour is 100% of the
capacity and loading temperature is 250∘ C. The parameters
of the algorithm parameters are: number of executions, 21,
crossover probability, 65%, and mutation probability, 5%. To
use this algorithm in process control, an optimal cost must be
found in less than 10 min.
Figure 6 shows curves of average of optimal flow rates for
each population size as a function of number of generations.
Data show that, generally, the optimal value improves as

20
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80 100 120 140 160 180 200
Time (min)

Billet temp.
Furnace temp.

Figure 4: Furnace internal temperature and temperature of the
billet during reheating.

1160
1150
1140
Actual temp. (∘ C)

Figure 3: Actual internal temperature and temperature set by the
model for heating zone.

0
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Figure 5: Dispersion graph between actual recharge temperature
and those predicted by the model.

population size and number of generations increase. From
the above tests, BFG and oil flow rates that generated the
lowest cost are obtained for each configuration. Optimal flow
rates are used in a normalized form in this study to comply
with industrial nondisclosure.
Boxplot presented in Figure 7 shows an analysis of
optimal values found among the allowed solutions. Table 3
compiles the results for the allowed solutions, indicating that
configuration 6 has the lowest mean optimal value.
From the boxplots, configurations 5, 6, 7, 8, and 9 result
in the lowest medians. To try to distinguish what is the best
solution, the Kruskal-Wallis test, a nonparametric version
of analysis of variance (ANOVA) test, implemented by
kruskalwallis function in MATLAB ©, is used to obtain
the 𝑝 value. A 𝑝 value less than 0.05 suggests the presence
of statistical evidence for rejection of the null hypothesis
(data were obtained from the same population). However,
obtained 𝑝 value suggests that, although configuration 6 has
obtained the best average optimal value, we cannot state that
this solution has distinct average from configurations 5 and 9.
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Table 3: Compilation of results among allowed solutions from AG-2.

Configuration number
1
2
3
4
5
6
7
8
9
10

Total individuals
20
40
60
80
100
120
140
160
180
200

Total generations
150
150
150
110
90
70
50
50
50
30

Optimal mean value
3.34
3.23
3.16
3.06
2.88
2.84
2.91
2.91
2.88
3.03

Optimal values for each configuration
|Optimal values| (US$/t)

|Optimal mean value| (US$/t)

5

Mean standard deviation
0.38
0.09
0.13
0.21
0.16
0.15
0.13
0.08
0.17
0.15

4.5

4

3.5

4.5
4
3.5
3
2.5
1

3

2

3

4

5
6
7
Configuration

8

9

10

Figure 7: Boxplot comparing optimal solutions with allowed
configurations from AG-2.
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Figure 6: Average of normalized optimal values (US$/t) for each of
the individuals and generations of AG-2.

To evaluate results of GA-1, the algorithm was executed
with different numbers of individuals and generations. For
this comparison, the same parameters used in GA-2 were
implemented. Table 4 shows best values found by each
solution, comparing GA-1 and GA-2.
Data in Table 4 show that GA-2 yields significantly better
results than GA-1 under the same conditions. Mean execution
time is practically the same for both algorithms because both
apply the same evaluation of the objective function, a critical
operation that demands most time within the algorithm.
5.3. Optimization Results for Different Scenarios. One great
advantage of using an optimizer is simplicity to simulate
different input values and extracting important information
from the results. In reheating furnaces, discussions on the
impacts of hot furnacing and production rate are constant
and bring strategic information to the industry, which are

important when making decisions about investments and
future goals.
Therefore, GA-2 is applied to find the optimal solution
for different temperature scenarios and for three production rates: low, average, and high. For these simulations,
the following algorithm parameters were used: population
size of 120 individuals, number of generations equal to 70,
and number of executions, 21. Results of these simulations
demonstrate that the algorithm can find practical solutions
for different situations. Results are also coherent with what is
observed in operational practice.
The first scenario simulates a low production rate equal
to 53% of the capacity and different loading temperatures:
50, 250, and 450∘ C. The full set of parameters in simulations
are the following: production rate, 53% of the capacity; initial
internal temperatures in the furnace, 1120∘ C in heating zone
and 1170∘ C in soak zone; initial fuel flow rates, 12,000 Nm3 /h
of BFG in heating zone, 5000 Nm3 /h of BFG in soak zone,
0 kg/h of oil in heating zone, and 0 kg/h of oil in soak zone;
and loading temperatures, 50, 250, and 450∘ C.
The second scenario simulates a standard production
of 100% and different loading temperatures. The full set of
parameters used in simulations are the following: production
rate, 100% of the capacity; initial internal temperatures in
the furnace, 1180∘ C in heating zone and 1220∘ C in soak
zone; initial fuel flow rates, 15,000 Nm3 /h of BFG in heating
zone, 9600 Nm3 /h of BGF in soak zone, 100 kg/h of oil in
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Table 4: Comparison between results of the allowed solutions from AG-1 and AG-2.
Gen.
150
150
150
110
90
70
50
50
50
30

AG-1 mean
9.57
8.83
8.90
9.02
8.70
9.01
8.84
8.72
8.83
8.79

Table 5: Normalized optimal values (US$/t) due to the charge
temperature (∘ C) considering scenarios I, II, and III.
Charge temperature
50
250
450

Scenario I
9.24
4.47
3.24

Scenario II
7.54
2.84
2.72

Scenario III
—
—
12.28

heating zone, and 50 kg/h of oil in soak zone; and loading
temperatures, 50, 250, and 450∘ C.
The third scenario simulates a production of 113% of
capacity for different loading temperatures. The full set of
parameters used in the simulations are the following: production rate, 113% of full capacity; initial internal temperatures in
the furnace, 1180∘ C in heating zone and 1220∘ C in soak zone;
initial fuel flow rates, 15,000 Nm3 /h of BFG in the heating
zone, 9600 Nm3 /h of BFG in soak zone, 100 kg/h of oil in
heating zone, and 50 kg/h of oil in soak zone; and loading
temperatures: 50, 250, and 450∘ C.
Table 5 shows normalized optimal mean values as a
function of charge temperature for the three studied scenarios. Results show that as the loading temperature increases,
optimal cost decreases. This occurs because as the loading
temperature increases, less energy is required for steel billets
to reheat to the desired temperature and, consequently, less
energy is consumed. For temperatures of 250 and 450∘ C,
the solution found by the optimizer uses no oil, only BFG.
Because price of BFG is very low, these two scenarios
result in similar means and, consequently, similar costs.
Simulation results with a loading temperature of 450∘ C show
a high operational cost. This occurs because, even with hot
loading, it is necessary to use the maximum fuel capacity
to meet unloading temperature constraint. Results presented
are consistent with operational practice because when the
production rate is higher than the nominal capacity (as in the
third scenario), the unloading temperature constraint is just
possible to be met in the hot loading case.
5.4. Optimization Results for the Operation of an Actual
Furnace. Additionally, GA-2 is applied during real-world
reheating furnace operation with the purpose of verifying its

AG-1 Std.
0.77
0.19
0.17
0.18
0.27
0.21
0.36
0.12
0.19
0.20

BOF flow rate (Nm3 /h)
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40
60
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100
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140
160
180
200
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1.4
1
0.6
0.2

Oil flow rate (kg/h)

#
1
2
3
4
5
6
7
8
9
10
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AG-2 mean
3.34
3.23
3.16
3.06
2.88
2.84
2.91
2.91
2.88
3.03

×104
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0.13
0.21
0.16
0.15
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Figure 8: Normalized standard energy cost and optimal test energy
cost found for actual reheating furnace.

effectiveness and comparing it with standard operating mode
in manufacturing products.
Graph shown in Figure 8 presents flow rates determined
by the optimizer and standard flow rates in operation. Data
in the graph show that the optimizer found a solution with a
larger variation in fuel flow rate than standard operation.
The normalized costs obtained with this experiment are
the following: standard operation equal to 13.08 US$/t and
optimal operation equal to 12.64 US$/t. This data shows that
use of the solution proposed by the optimizer for furnace
operation resulted in a reduction of approximately 3.36% of
energy cost as compared to standard operating mode.
It should be noticed that the simple fact of controlling
an actual process using the response of a simulation model
is not a trivial task. The proposed model is able to meet the
constraints of the real process and to reduce the fuel costs,
controlling the furnace in addition.

6. Conclusion
This work presented an optimization model to describe the
minimization of energy costs in a reheating process billets, as
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well as computation machinery based on genetic algorithms
able to find reasonable solutions.
The results of the computational simulations show that
this target has been satisfactorily achieved. The proposed heat
transfer models had an absolute average error of approximately 6.67∘ C in predicting discharge temperature, compared
with actual data of a reheating furnace. Using the implemented optimization method, it was possible to quantify
costs for different charge temperatures and production rates.
It is shown that the higher the charge temperature and the
operation rate are, the lower the optimum fuel costs are.
Furthermore, it is possible to find a solution capable of
operating above the nominal production rate for high charge
temperatures.
Additionally, an experimental test was shown, considering a sample process in a specific scenario of production,
with the duration of 500 min. Results showed that the optimal
solution found by the algorithm met the constraints of the
actual process and provided a cost 3.36% lower than a
commonly used standard solution. Hence, this test presented
satisfactory results. We believe that the reduction of costs
should be greater using the algorithm to control the process
for a long time.
As future work, we suggest the use of finite element
models for reheating modeling and parallel programming
techniques to decrease algorithms’ run time.
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