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Abstract

:

Through system identification for robust control methods and utilizing real-time experimental field data, a comprehensive mathematical model is derived that represents the dynamic performance of a single electrode positioning system (EPS) in an industrial electric arc melting furnace (EAF). This EPS is characterized by large, time-varying dynamic parameters, which fluctuate based on operating conditions, specifically as the electrode weight changes within its operational range. The system identification methodology for robust control is developed in four main steps, progressing from experimental design to model validation. This approach yields a nominal model of the actual system and provides a trustworthy estimate of the region of uncertainty of the model, bounded by models of the real system under maximum and minimum electrode weight conditions (limit operating models). The methodology generates three fourth-order time-delay models using an ARMAX structure. The results are promising, as system identification for robust control enables the derivation of mathematical models specifically tailored for designing robust controllers. These controllers significantly enhance the EPS control system’s performance and substantially reduce energy consumption and environmental emissions.
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1. Introduction


The steelmaking industry is one of the largest and most important globally, as it is a crucial driver of the world economy, with products indispensable for industrial development [1,2]. Due to the high global demand for steel, the industry is continually seeking to increase the efficiency of its manufacturing processes [3,4].



The steelmaking industry utilizes electric arc furnaces (EAFs) to generate the high temperatures required to melt steel scrap, typically between 1500 and 1550 °C [5,6]. The effective control of these furnaces is crucial, as operational improvements can lead to substantial energy savings and reductions in environmental pollution [7,8]. Figure 1 presents an image of an EAF.



Electrical energy is supplied to these furnaces via three massive graphite electrodes, each weighing up to several tenths of a ton, which are connected to the electricity network through a three-phase electrical transformer [9,10].



Electric arc furnaces consist of the following main systems [11,12]: (i) the power supply system, (ii) the thermal system, and (iii) the electrode positioning systems (EPSs). The EPSs are made up of three similar hydraulic actuator systems that control the vertical positioning of each electrode, along with the electrical measurement system [11].



The electrical power required to melt the scrap depends on the lengths of the electric arcs, which are controlled by three distinct EPS controllers—one for each electrode—that operate similarly [13]. The primary objective of each EPS controller is to maintain a steady distance between the electrodes and the scrap [14,15]. Consistent arc lengths are desirable, as they imply a constant energy input, effectively transferring energy from the electrodes to the scrap [16].



In EPSs, the controlled variable is typically the arc impedance, which is directly proportional to the arc length [17]. Any deviation from the target arc impedance reduces the efficiency of energy usage [18,19]. EPS controllers are therefore essential, as they maintain the arc lengths—and consequently the arc impedances—at their reference values, ensuring a constant energy input to the scrap in EAFs [20]. It is well known that most EPS control systems in the steelmaking industry use simple PID controllers to regulate arc lengths [21,22,23].



Although EAFs are among the most energy-intensive industrial processes, a significant amount of energy is often lost due to inaccurate electrode positioning in many of them [24,25]. Consequently, efficient EAF operation requires the precise control of the EPSs [26,27].



EAFs are characterized by complex and uncertain nonlinear dynamic behaviors that can negatively impact power grid quality [28,29,30]. Additionally, the surface of the partially molten scrap moves continuously, altering its contour and introducing unmeasured random disturbances to the arc lengths [19]. To counter these disturbances, EPS controllers adjust the vertical position of the electrodes to maintain the required arc lengths [24]. Furthermore, the electrode weight also gradually decreases throughout the operating range [   W  max   ,  W  min    ] due to mass loss during the fusion process, leading to substantial time variations in the EPS dynamics [19,24]. Consequently, any mathematical model of this system must account for these time-varying parameters [31,32].



However, most controller design techniques are based on a nominal model, while the EPS’s dynamic parameters vary with electrode mass consumption, resulting in a range of possible models (model uncertainty region) [33]. Therefore, EPS mathematical models must incorporate these parametric uncertainties.



Several studies have shown that single PID controllers may not be sufficiently effective for processes that exhibit complex dynamic behaviors [28,29,30], such as those with time-varying dynamic parameters [31,32,33]. Consequently, the currently installed PID controllers do not ensure successful EPS control, resulting in significant energy losses and environmental pollution [16,18,20].



Robust control is a powerful strategy for accurately managing processes with time-varying or uncertain dynamic parameters and disturbances [31]. Therefore, designing robust controllers for electrode positioning systems (EPSs) is of vital importance, as these controllers enhance the performance of control systems. They also help reduce energy consumption and environmental contamination, while increasing the productivity and security of electric arc melting furnaces (EAFs) [32]. However, both the nominal model and the model uncertainty region are essential for the design of a robust controller for the EPS [33].



Owing to the complexity and severe operating conditions of electric arc furnaces (EAFs), a wide variety of models with diverse purposes, accuracy levels, and modeling procedures have been developed [10]. These range from basic models [3] to complex models [5]. For example, in studies [34,35,36], models were proposed based on physicochemical principles using mass and energy balance equations. In references [37,38], models were derived to forecast the power usage of EAFs. Models based on artificial neural networks were suggested in [39,40,41,42], while those founded on fuzzy logic were presented in [43,44]. Some linear models were developed using specific system identification procedures [45,46,47,48], which are generally sufficient to represent the major dynamic characteristics of the processes [49]. However, they do not necessarily have a physical interpretation; instead, they emphasize an accurate depiction of the true dynamics of the processes [48].



The main drawbacks of these models are that some do not accurately describe the dynamic behavior of EAFs. Others are characterized by their complexity, making them inadequate for controller design. Finally, while some models describe the nominal dynamic performance of EPSs, they fail to provide a consistent estimate of the model’s uncertainty region. This uncertainty arises because, during the scrap melting process, the mass of the electrodes is consumed, resulting in a continuous decrease in their weights and generating significant time modifications in the dynamics of the EPS hydraulic actuators. Consequently, robust controllers cannot be designed using these models. It is noteworthy that developing a complete dynamic model (including both the nominal model and its model uncertainty region) for EPSs is a challenging task due to the complexity of these systems and the harsh conditions within the EAFs.



Furthermore, because EAFs are complex processes, obtaining experimental data on their dynamic behaviors is a challenging task. As a result, simulated data generated in laboratories are frequently used to derive mathematical models. This class of models is easier to obtain and analyze, providing more convenient results [50,51].



System identification for robust control (SIRC) has been a research field of growing interest since the 1990s [52,53,54]. One of its fundamental purposes is to obtain mathematical models from experimental data that are appropriate to design robust controllers [55]. To this end, the identification methodology must determine, besides a nominal model, a dependable estimate of the model’s uncertainty region [55]. In this work, we develop a system identification procedure for the robust control of a single EPS in an EAF.



Note that complete dynamic mathematical models oriented towards the design of robust controllers for EPSs in electric arc smelting furnaces have not been reported in the literature.



The key scientific novelty of this paper is the derivation, for the first time ever, of a complete dynamic mathematical model of a single EPS, which includes both a nominal model and its model uncertainty region, by applying SIRC procedures. The derived region of uncertainty of the model is confined by the true EPS models under the maximum and minimum electrode weight operating regimes (models representing the electrode weight limit operating regimes). A significant issue for our work is the derivation of the region of uncertainty of the EPS nominal model, which allows for an accurate depiction of the dynamic behavior of this complex industrial process. The implications for the steelmaking industry are significant, as the derived complete dynamic mathematical model of the EPS enables the design of high-efficiency robust controllers for this process. They ensure the accurate control of the EPS and contribute to a substantial decrease in the energy expenditure and environmental pollutant gasses.




2. Materials and Methods


2.1. EAF Description


We studied the electric arc melting furnace (EAF) at Antillana de Acero in Havana. It is a three-phase AC EAF that has a power consumption of approximately 410 kWh/ton [56]. This EAF comprises three main systems: a power supply system (PSS), an Electric Arc System (EAS), and the EPS. Figure 2 illustrates this EAF.



The PSS is the source of energy for the EAF and consists of the high-voltage transmission circuit, the transformer that reduces the input voltage to the level required by the furnace, and the short net. The Electric Arc System (EAS) is responsible for the production of electric arcs, which occur when the electrodes are positioned over the slag, typically at a distance of approximately 10 to 15 cm from the slag [2]. The EPS comprises the hydraulic actuator system (HAS) and the electrical measurement system (EMS). The HAS includes a proportional control valve and a hydraulic cylinder. The structural diagram of the EPS is depicted in Figure 3.



Three similar HAS units are used to position the three graphite electrodes vertically, allowing for the regulation of the electric arc length according to the input voltage signal.



The hydraulic circuit primarily consists of a central reservoir, hydraulic pumps, a hydraulic tank, hydraulic cylinders, a secondary hydraulic source, and proportional control valves with a variation range of −10 V to 10 V. The working fluid is a water–glycol mixture, which is easy to handle and non-flammable. Each hydraulic cylinder operates the accessories attached to it, including the electrode arm, graphite electrode, and connecting cables, as well as cooling water. The hydraulic tank has a capacity of 7.2 m3 and an operating pressure of 66 bar. The pumps operate within a pressure range of 0 to 220 bar and a flow rate of 0 to 0.0027 m3/s. The specifications of the electrodes used are as follows: high-power electrodes (HPs) with a diameter of 400 mm, a length of 2400 mm, and a maximum weight of 550 kg.



Each electrode is placed independently with its own control system, which generates an input voltage signal for the proportional control valve that regulates the fluid flow from the hydraulic tank to the hydraulic cylinder. This signal enables the vertical motion of the electrode, adjusting the arc length and maintaining its arc impedance at a constant reference value. The piston of the hydraulic cylinder moves upward at maximum speed when the input voltage signal to the control valve is 10 V and downward when it is −10 V. The open-loop EPS control system diagram, featuring an arc impedance controller for a single phase, is illustrated in Figure 4.



The electrical measurement system measures the voltage level and electric current of each phase in real time, sending these signals to the PLC, which calculates the arc impedance for use in controlling the EAF.



Various disturbances can cause fluctuations in the length of the electric arc. These include continuous displacements of the molten scrap’s surface, variations in the scrap’s conductance, and gas blowing. The controller adjusts the electrode position to mitigate these disturbances and keep a constant arc length.



The EPS control system is crucial because it directly adjusts the arc length and, consequently, its impedance by positioning the electrode. This system regulates the power input and resistance through arc impedance management in relation to the operating conditions.



Note that in arc impedance control, which is founded on keeping a constant arc length, the three EPS-controlled systems are generally decoupled [16]. Therefore, arc impedance control can be regarded as comprising three independent EPS controllers [16,17].




2.2. System Identification for Robust Control of EPS


The operational data of EPSs were readily available. However, the environment for data collection and experiment development in EAFs was particularly challenging due to the excessive dust and high temperatures associated with steelmaking.



The system input is the input voltage, denoted as u, and the output measurements, representing arc impedance, are denoted as y. The data collected up to the discrete time N are denoted:


   Z N  =    u ( 1 ) ,     y ( 1 ) ,    … ,    u ( N ) ,     y ( N )     











The proposed identification procedure for the real electrode positioning system (the true system), based on the collected input/output data [53], was as follows:



Step 1: Experiment design.



Step 2: Data collection, parameter estimation, and the validation of the true system’s linear model (DPVLS) are performed under the nominal electrode weight operating conditions (nominal model).



Step 3: DPVLSs are performed under the boundary electrode weight operating conditions (the region of uncertainty of the model).



Step 4: Derivation of the uncertainty set of the system models, which consists of the nominal model and its associated uncertainty region.



This paper focused on using this algorithm to develop a mathematical model suitable for designing a robust controller for an EPS.




2.3. Experiment Design


The field experimental data were collected from an EPS in the Antillana de Acero electric arc melting furnace. The available measurements included the phase voltage U(t), phase current I(t), and input voltage signal u(t).



The PLC that controls the EAF calculates the arc impedance    Z ( t )    using the expression in [57,58]:


   Z ( t )  =     U ( t )     I ( t )      



(1)







The EPS under study operated under different electrode weight regimes [16,56]. For the robust control system identification of the EPS, the primary operating regimes were the nominal electrode weight regime (   W ( t )       = W    nom    ( t )    =   325 Kg) and the electrode weight limit regimes: the maximum electrode weight regime (   W ( t )       = W    max    ( t )    =   550 Kg) and the minimum electrode weight regime (   W ( t )       = W    min    ( t )    =   100 Kg).



The range of variation for the electrode weight operating regimes of the EPS under study is therefore:


  [  W  max      , W    min   ] =    W ( t )    550 ≥  W ( t )  ≥ 100      



(2)




with    W  nom   ∈ [  W  max      , W    min   ]  .



The operating regime at the standard electrode weight was considered nominal, and the corresponding model was denoted the nominal model. When the EPS operated under different electrode weight regimes, the dynamic performance of the nominal system changed, resulting in model parametric uncertainties that were bounded by the electrode weight limit operating regimes.



The EPS model considered arc impedance    Z ( t )    as the output variable    y ( t )   , and input voltage    u ( t )    as the input variable    u ( t )   . The continuous movement of the surface of the molten steel scrap was treated as the main disturbance variable    v ( t )   .




2.4. DPVLS Under the Nominal Electrode Weight Operating Regime


This step had two stages: nonparametric and parametric identification [59].



Nonparametric identification yields information about the dynamic characteristics of a process [59]. An initial experiment based on a step response was conducted to gather insights into the dynamic features of the process. Generally, this experiment provides valuable information about critical dynamic properties, such as time delays and model order [59]. The information obtained was subsequently utilized in the parametric identification to derive a model based on a more revealing experiment utilizing persistent excitation signals, such as a PRBS (pseudorandom binary sequence) [59].



As noted above, the nominal model of the true EPS is obtained at the nominal electrode weight of    W ( t )       = W    nom    ( t )    =   325 Kg.



2.4.1. Nonparametric Identification


The step response of the process was experimentally obtained. In this experiment, the control valve of electrode A was operated with a step command, while maintaining a stable 0 V signal (no movement) on electrodes B and C. The step command applied had a variation range of 10% (1 V) of the control valve’s operating range.



The experiment was conducted within a temperature range of 1559 °C at the beginning to 1575 °C at the end. The initial arc impedance was 5.85 mΩ. Data corresponding to the variation in the arc impedance of electrode A, along with the growth of the magnitude of the input voltage, were recorded and stored in an industrial PC connected to the PLC that controls the EAF. The EPS response obtained is shown in Figure 5.



Results indicated that the dynamic performance of the EPS under the nominal electrode weight operating regime could be fitted to a time-delayed second- or higher order model. Additionally, the approximated values of the parameters of the nominal model were    K  nom   =   4.25 mΩ/V (static gain),    τ  nom   =   5 s (time delay), and    t   ss _ nom    =   25 s (settling time).




2.4.2. Parametric Identification


Parametric identification is the procedure developed to fit a model with a specified structure. This involves determining the order of the model structure and the values of its parameters that best match the data obtained through the experiment using a PRBS [59]. Parametric identification with binary sequences yields remarkably consistent estimates and confirms the time invariance of the models [60].



An experiment using a PRBS input command was also conducted to collect data with maximum information regarding the dynamic performance of the nominal electrode weight operating regime. The PRBS was designed to achieve a significant, albeit not excessive, variation in electrode positioning, leading to variations in arc impedance.



It was established that the PRBS must shift the magnitude of the input voltage signal to the control valve in periods that are multiples of 2 s, with an upper value of 10 s. This experiment involved applying a PRBS to the control valve of electrode A, enabling alternation between two input voltage levels representing a 10% variation (−1 V to 1 V) in the control valve’s operating range. A stable 0 V signal (no movement) was maintained on electrodes B and C. The experiment was conducted within a temperature range of 1553 °C at the beginning to 1619 °C at the end. The initial arc impedance was 7.55 mΩ. The experimental field data corresponding to the variation in the arc impedance at electrode A, as well as the variation in the input voltage signal to the control valve, were sampled at intervals of 1 s. The total duration of this experiment was 312 s. The gathered data were stored on a computer and divided into estimation and validation data sets (left-hand and right-hand of the vertical red line, respectively). These are depicted in Figure 6.



The collected data were examined to verify their suitability for parameter estimation. The appropriateness of the data was confirmed, and, therefore, they were used.



The ARX, OE, and ARMAX model structures were evaluated to assess the most accurate representation of the dynamics of the nominal electrode weight operating regime. These structures are defined in [59]:


     A ( q ) y     ARX _ nom     ( t )  =    B ( q ) q    − nk    u  nom    ( t )  +  ξ   ARX _ nom     ( t )   



(3)






   y   OE _ nom     ( t )  =     B ( q )     F ( q )      q  − nk    u  nom    ( t )  +  ξ   OE _ nom     ( t )   



(4)






     A ( q ) y     ARMAX _ nom     ( t )  =    B ( q ) q    − nk    u  nom    ( t )  +    C ( q ) ξ     ARX _ nom     ( t )   



(5)




with    y   ARX _ nom     ( t )   ,    y   OE _ nom     ( t )   , and    y   ARMAX _ nom     ( t )    being the outputs (with arc impedance being calculated from (1)) of the ARX, OE, and ARMAX models, labeled as  j  models, and


   A ( q )  =  1 +     a 1   q  − 1   + … +    a  na    q  − na    



(6)






   B ( q )  =  b 1   q  − 1     + …   +    b  nb    q  − nb    



(7)






   C ( q )  = 1   +    c 1   q  − 1     + … +    c  nc    q  − nc    



(8)






   F ( q )  = 1   +    f 1   q  − 1     +   …   +    f  nf    q  − nf    



(9)




where    na ,     nb ,     nc ,    nf   represent the orders and    a i  ,    b i  ,    c i  ,    f i    are the coefficients of the respective polynomials to be determined;   nk   denotes the system time delay;    ξ   ARX _ nom     ( t )   ,    ξ   OE _ nom     ( t )   , and    ξ   ARMAX _ nom     ( t )    are uncorrelated random white noise sequences with zero mean for the ARX, OE, and ARMAX structures; and  q  is the discrete time shift operator (   q   - 1     u ( k ) = u ( k - 1 )   ).



The orders and coefficients of the model structures were determined using the estimation data set shown in Figure 6 and the MATLAB System Identification Toolbox R2024b. The vector    θ   N _ nom    j     of nominal parameters for the model structure  j  was identified using the Prediction Error Method (PEM), employing a least mean square criterion. This parameter vector was derived by [59]


     θ   N _ nom      j   =   arg   min    θ  nom   j       1 N     ∑   t = 1   N    ε j 2     ( t ,     θ  nom   j   )                                   =   arg   min    θ  nom   j       1 N     ∑   t = 1   N        [ y    nom    ( t )    −    y  nom   j    ( t ,       θ  nom   j    ) ]   2       



(10)




where    ε j   ( t ,     θ  nom   j   )   represents the prediction error,    y  nom      ( t )    denotes the response of the nominal process, and    y  nom   j    ( t ,       θ  nom   j   )   signifies the output signal of the nominal model with the  j  structure, while  N  indicates the number of data points applied in the parametric identification (  N   =   190).



   θ   N _ nom    j     was identified for various polynomial orders, time delays, and sampling periods to derive the nominal model that most accurately described the data.




2.4.3. Model Validation


The cross-validation procedure [60] was used to validate the models, utilizing the field data set reserved for this purpose (122), as shown in Figure 6. This method is one of the most widely used approaches for model validation [59]. The most accurate model of the dynamics under the nominal electrode weight operating regime was determined by calculating a precision index of the nominal models from the selected structures in relation to the validation field data. We used the FIT index as the precision index, which gives a measure of how well the model fits the data [59]:


    FIT =   1 −      y −  y ^        y −  y ¯         ×  100 %                    =   1 −      ∑   t = 1   N      y ( t )  −   y ^  ( t )          ∑   t = 1   N      y ( t )  −   y ¯  ( t )              



(11)




where  y  is the measured output vector,   y ^   is the estimated output vector, and   y ¯   is the mean of the output vector. Values of this index closer to 100% mean better models [59].



The variance of the residual error  σ  was also estimated. The residual error    ε ( t )    is the portion of the data that the model fails to reproduce. It provides insights into the model’s accuracy and can be obtained using the expression [59]


  σ =   1 N     ∑   t = 1   N     (  ε ( t )  −   ε ¯  )   2     



(12)




where


   ε ( t )  =  y ( t )  −     y ^    ( t )   



(13)






   ε ¯  =   1 N     ∑  t = 1  N    ε ( t )     



(14)







The FIT and  σ  obtained from the derived models are exhibited in Table 1. It also includes the FIT and  σ  yielded by the second-order models of  j  structures.



Table 1 illustrates that the highest FIT (87.31%) was achieved by the fourth-order nominal model using the ARMAX structure. The table also indicates that the lowest  σ  was obtained with the same model. This model is


     y   ARMAX _ nom     ( t ) = 0    . 3612 y    ARMAX _ nom    ( t − 1 ) + 0.2721  y   ARMAX _ nom    ( t − 2 )                                                               − 0   . 0717 y    ARMAX _ nom    ( t − 3 ) + 0.02316  y   ARMAX _ nom    ( t − 4 )                                                                 + 0   . 0704 u    ARMAX _ nom    ( t − 6 ) + 0.0912  u   ARMAX _ nom    ( t − 7 )                                                                 + 0   . 0020 u    ARMAX _ nom    ( t − 8 ) + 0.0052  u   ARMAX _ nom    ( t − 9 )                                                               +  ξ   ARMAX _ nom     ( t )  + 0   . 7332 ξ    ARMAX _ nom    ( t − 1 ) + 0.6422  ξ   ARMAX _ nom    ( t − 2 )                                                               + 0   . 8142 ξ    ARMAX _ nom    ( t − 3 ) + 0.5321  ξ   ARMAX _ nom    ( t − 4 )    



(15)







The cross-validation results from expression (15) are exhibited in Figure 7. These results prove that the derived nominal model effectively describes the experimental data.



The model (15) can be represented as a standard time-invariant linear model [60]:


   y  nom    ( t )  =  G   u _ nom     ( q ,       θ ) u    nom    ( t )  +  G   v _ nom     ( q ,       θ ) e    nom    ( t )   



(16)




where    G   u _ nom     ( q ,     θ )    is the nominal transfer function from the discrete time input/output data,    u  nom    ( t )   ,    y  nom    ( t )   , and   t =  1 ,     2 ,    … ,   N  , and    θ  nom     is the parameter vector;    G   v _ nom     ( q ,     θ )    is the nominal noise transfer function parameterized by    θ  nom    , and    e  nom    ( t )    is a nominal white noise sequence with zero mean.



The true EPS model, obtained under the nominal electrode weight operating regime from (17), can thus be denoted in the Laplace domain as [52]


   G  nom    ( s )  = [  G   u _ nom     ( s )       G   v _ nom     ( s )  ]  



(17)




where


   G   u _ nom     ( s )  =       Δ y    nom    ( s )       Δ u    nom    ( s )     =    4.15   ( 1.7 s + 1 ) ( 1.55 s + 1 ) ( 1.1 s + 1 ) ( 0.9 s + 1 )     e  −  5 s     



(18)






   G   v _ nom     ( s )  =       Δ y    nom    ( s )       Δ v    nom    ( s )     =    ( 0.9 s + 1 )   ( 1.5 s + 1 ) ( 1.4 s + 1 ) ( s + 1 ) ( 0.8 s + 1 )     



(19)









2.5. DPVLS Under Electrode Weight Limit Operating Regimes (Model Uncertainty Region)


For system identification for the robust control of EPSs, knowledge of the variability of the parameters around the nominal model (i.e., the uncertainty region    Δ G ( s )   ) is essential [59]. This is because robust control aims to provide a linear controller that stabilizes the feedback across the set    Δ G ( s )    and optimizes performance in the worst-case scenario in the    Δ G ( s )   . Therefore, identifying the system’s parameters under operating regimes at the minimum and maximum electrode weights is necessary.



2.5.1. Case of the Maximum Electrode Weight


As in Section 2.4.2, an experiment using a PRBS input command was conducted to collect data capturing the dynamic behavior of the maximum electrode weight operating regime, which occurred at    W ( t )    =  W  max    ( t )    =   525 Kg.



This experiment involved applying a PRBS command to the control valve of electrode A, alternating between two input voltage levels (−1 V to 1 V) within the operating range of the valve. A stable 0 V signal (no movement) was maintained for electrodes B and C. The experiment took place within a temperature range of 1547 °C at the start to 1617 °C at the end, with an initial arc impedance of 7.20 mΩ.



The experimental field data corresponding to the variation in arc impedance at electrode A, as well as the variation in the input voltage signal to the control valve, were sampled at intervals of 1 s. The total duration of this experiment was 312 s. The data gathered were saved on a computer, filtered, and are presented in Figure 8.



Following a procedure similar to that in Section 2.4.2, we determined that the most accurate model was a delayed fourth-order model with the ARMAX structure


     y   ARMAX _ max     ( t ) = 0    . 2721 y    ARMAX _ max    ( t − 1 ) + 0.5312  y   ARMAX _ max    ( t − 2 )                                                               − 0   . 0638 y    ARMAX _ max    ( t − 3 ) + 0.0124  y   ARMAX _ max    ( t − 4 )                                                                 + 0   . 0613 u    ARMAX _ max    ( t − 5 ) + 0.0562  u   ARMAX _ max    ( t − 6 )                                                                 + 0   . 00413 u    ARMAX _ max    ( t − 7 ) + 0.0011  u   ARMAX _ max    ( t − 8 )                                                               +  ξ   ARMAX _ max     ( t )  + 0   . 0613 ξ    ARMAX _ max    ( t − 1 ) + 0.0562  ξ   ARMAX _ max    ( t − 2 )                                                               + 0   . 6241 ξ    ARMAX _ max    ( t − 3 ) + 0.5221  ξ   ARMAX _ max    ( t − 4 )    



(20)








2.5.2. Model Validation


The cross-validation results for expression (20) on the validation data set are presented in Figure 9 and in Table 2, which also exhibits the obtained  σ .



The model (20) is denoted in the Laplace domain as


   G   u _ max     ( s )  =       Δ y    max    ( s )       Δ u    max    ( s )     =    2.51   ( 0.7 s + 1 ) ( 1.05 s + 1 ) ( 0.85 s + 1 ) ( 0.5 s + 1 )     e  − 4 s    



(21)






   G   v _ max     ( s )  =       Δ y    max    ( s )       Δ v    max    ( s )     =    ( 0.7 s + 1 )   ( 0.8 s + 1 ) ( 1.1 s + 1 ) ( 0.9 s + 1 ) ( 0.6 s + 1 )     



(22)








2.5.3. Case of the Minimum Electrode Weight


A similar experiment to those conducted in Section 2.4.2 and Section 2.5.1 was performed with a minimum electrode weight of    W ( t )    =  W  min    ( t )    =   100 Kg.



This experiment was conducted within a temperature range of 1555 °C at the beginning to 1622 °C at the end. The initial arc impedance was 8.10 mΩ. The data collected were saved on a computer, filtered, and are presented in Figure 10.



Following a procedure similar to that in Section 2.4.2, we determined that the most accurate model was a delayed fourth-order model with the ARMAX structure:


     y   ARMAX _ min     ( t ) = 0    . 4732 y    ARMAX _ min    ( t − 1 ) + 0.6321  y   ARMAX _ min    ( t − 2 )                                                               − 0   . 0823 y    ARMAX _ min    ( t − 3 ) + 0.0432  y   ARMAX _ min    ( t − 4 )                                                                 + 0   . 0822 u    ARMAX _ max    ( t − 7 ) + 0.0743  u   ARMAX _ min    ( t − 8 )                                                                 + 0   . 00823 u    ARMAX _ max    ( t − 9 ) + 0.0044  u   ARMAX _ max    ( t − 10 )                                                               +  ξ   ARMAX _ max     ( t )  + 0   . 8341 ξ    ARMAX _ max    ( t − 1 ) + 0.7241  ξ   ARMAX _ max    ( t − 2 )                                                               + 0   . 7621 ξ    ARMAX _ max    ( t − 3 ) + 0.3125  ξ   ARMAX _ max    ( t − 4 )    



(23)








2.5.4. Model Validation


The cross-validation results for expression (23) on the validation data set are presented in Figure 11 and in Table 2, which also shows the obtained  σ .



The model (23) can be denoted in the Laplace domain as


   G   u _ min     ( s )  =       Δ y    min    ( s )       Δ u    min    ( s )     =    6.21   ( 1.8 s + 1 ) ( 1.75 s + 1 ) ( 1.9 s + 1 ) ( 1.55 s + 1 )     e  − 6 s    



(24)






   G   v _ min     ( s )  =       Δ y    min    ( s )       Δ v    min    ( s )     =    ( 0.6 s + 1 )   ( 1.84 s + 1 ) ( 1.72 s + 1 ) ( 1.91 s + 1 ) ( 1.52 s + 1 )     



(25)










3. Results


3.1. The Model Uncertainty Region of the True Electrode Positioning System


The weight of the electrodes of an EAF constantly decreases within the operating range [   W  max   ,    W  min    ] because their mass is expended during the fusion process. Consequently, the parameters of their dynamic models experience large variations over time, as noted by several authors [16,17,19,20]. This leads to uncertainty in the accurate dynamic behavior of this system. These parametric uncertainties are bounded by the models of electrode weight limit operating regimes within the following ranges:


     K  min   ≤  K ( t )  ≤  K  max   ;      T  1   min   ≤  T 1   ( t )  ≤  T  1   max   ;      T  2   min   ≤  T 2   ( t )  ≤  T  2   max   ;      T  3   min   ≤  T 3   ( t )  ≤  T  3   max   ;      T  4   min   ≤  T 4   ( t )  ≤  T  4   max   ;    τ  min   ≤  τ ( t )  ≤  τ  max      



(26)







Note that these uncertainty bounds were derived from experimental field data obtained from the Antillana de Acero EAF and statistical analysis.



Therefore, the region of uncertainty of the model of the EPS,    Δ G ( s )   , contains a set of models that includes the nominal model. This region is limited by the derived models corresponding to the minimum and maximum electrode weight operating regimes. The set of parameters that define this region is presented in Table 3.



Therefore, the set of EPS models is denoted as follows [52]


  D =    G Δ   ( s )     G Δ   ( s )  =  G  nom    ( s )  +  Δ G ( s )       



(27)








3.2. Time-Domain Responses of the Set of the Uncertainty of the Models


The responses of the derived set of the uncertainty of the models of the EPS to step inputs, when the electrode weight shifts within the operating range [   W  max   ,    W  min    ], are shown in Figure 12.




3.3. Frequency-Domain Responses of the Derived Set of the Uncertainty of the Models


The magnitude-phase diagrams (Bode plots) of the derived set of uncertainty models when the electrode weight shifts within the operating range [   W  max   ,    W  min    ] are shown in Figure 13.





4. Discussion


The developed system identification procedure for robust control has significant scientific relevance, as it enables the derivation of both the nominal model and its region of uncertainty for a single EPS of an EAF.



The mathematical models previously reported focus solely on the nominal dynamic behavior of a single EPS and do not account for estimates of its uncertainty region, despite the significant time variations in the dynamic parameters of this process. This oversight arises from the constant decrease in the electrode mass within the operating range [   W  max   ,    W  min    ] during the melting process. Consequently, comprehensive dynamic mathematical models aimed at designing robust controllers for the EPS in an electric arc smelting furnace have not been reported in the literature.



Our procedure yields the nominal model of the EPS and its region of uncertainty when the EPS operates with electrode weights distinct from the nominal one (ranging between the minimum and maximum weights). The uncertainty bounds were derived from experimental field data obtained and statistical analysis.



Our procedure revealed that the most accurate model of the EPS dynamics is a delayed fourth-order linear ARMAX model structure. Fittings to the validation data set demonstrated that the derived transfer functions can accurately depict the true system’s dynamic performance for data not included in the estimation process.



The proposed procedure, therefore, provides the system model uncertainty set (27), which includes the nominal model (   G  nom    ( s )   ) and its uncertainty region (   Δ G ( s )   ). The results obtained are valid and demonstrate that the developed system identification procedure for robust control yields an accurate model of a single EPS of an electric arc melting furnace.



It should be noted that the proposed identification procedure for robust control is the first step for implementing high-performance robust controllers for the EPSs of the Antillana de Acero EAF. These controllers will be designed based on the class of models derived in this paper.



Therefore, the results obtained demonstrate that the stated objectives were met and can be expanded to develop mathematical models aimed at designing robust controllers for other industrial processes with complex dynamic behavior.




5. Conclusions


We have developed a system identification procedure aimed at the robust control of a single EPS of the Antillana de Acero EAF. This procedure provides the EPS model uncertainty set, composed of the EPS nominal model and its region of uncertainty. This model (27) represents a significant advance in addressing the complex challenges associated with designing a robust control system for the EPSs.



Robust controllers are inherently more complex than conventional controllers; however, they offer greater precision, resulting in the improved performance of the EPS control system. As a result, these controllers significantly reduce the consumption of energy and environmental pollution.



The newly derived complete mathematical model (27) describes the true dynamics of the EPS more precisely, enabling a better approach to the challenges inherent to the robust control of the steel melting process in EAFs.
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Abbreviation




	Abbreviation
	Meaning



	EAF
	Electric Arc Melting Furnace



	EPS
	Electrode Positioning System



	PID
	Proportional Integral Derivative Controller



	AC-EAF
	Alternating Current Electric Arc Melting Furnace



	PSS
	Power Supply System



	EAS
	Electric Arc System



	HAS
	Hydraulic Actuator System



	EMS
	Electrical Measurement System



	PRBS
	Pseudorandom Binary Sequence



	PC
	Personal Computer



	PLC
	Programmable Logic Controller



	ARX
	Auto Regressive with Exogenous Input



	ARMAX
	Auto Regressive Moving Average with Exogenous Inputs



	OE
	Output Error Model



	PEM
	Prediction Error Method



	FIT
	Performance Index



	SIRC
	System Identification for Robust Control
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Figure 1. Picture of an EAF. 
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Figure 2. Schematic diagram of EAF. 






Figure 2. Schematic diagram of EAF.



[image: Processes 12 02509 g002]







[image: Processes 12 02509 g003] 





Figure 3. Diagram of the EPS. 
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Figure 4. Diagram of the EPS control system for a single phase. 
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Figure 5. Step response of the EPS under the nominal electrode weight operating regime. 
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Figure 6. Experimental data of the response of the EPS to a PRBS under the nominal electrode weight operating regime. 
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Figure 7. The cross-validation results of (15) under the nominal electrode weight operating regime. 
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Figure 8. Experimental data of the response of the EPS to a PRBS under the maximum electrode weight operating regime. The red line separates the data used in the estimation from the data used in the validation. 






Figure 8. Experimental data of the response of the EPS to a PRBS under the maximum electrode weight operating regime. The red line separates the data used in the estimation from the data used in the validation.



[image: Processes 12 02509 g008]







[image: Processes 12 02509 g009] 





Figure 9. The cross-validation results of (20) under the maximum electrode weight operating regime. 
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Figure 10. Experimental data of the response of the EPS to a PRBS under the minimum electrode weight operating regime. 
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Figure 11. The cross-validation results of (23) under the minimum electrode weight operating regime. 
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Figure 12. Step responses of the derived set of the uncertainty of the models of the EPS. 
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Figure 13. Bode diagrams of the derived model uncertainty set. 
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Table 1. Validation results of the model of the nominal electrode weight operating regime.
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	Model Structure
	Model Order

(na, nb, nc, nd, nf, nk)
	FIT
	  σ   (mΩ)





	ARX
	(2, 2, 0, 0, 0, 2)
	69.92%
	  − 1.2   <    ε  nom    ( t )    < 1.36



	OE
	(0, 2, 0, 0, 2, 3)
	70.86
	  − 1.1   <    ε  nom    ( t )    < 1.24



	ARMAX
	(2, 2, 2, 0, 0, 5)
	71.25%
	  − 0.6   <    ε  nom    ( t )    < 0.6



	ARX
	(4, 4, 0, 0, 0, 3)
	77.52%
	  − 0.45   <    ε  nom    ( t )    < 0.51



	OE
	(0, 4, 0, 0, 4, 4)
	83.46%
	  − 0.43   <    ε  nom    ( t )    < 0.37



	ARMAX
	(4, 4, 4, 0, 0, 5)
	87.31%
	  − 0.2   <    ε  nom    ( t )    < 0.2










 





Table 2. Validation outcomes of the models of the electrode weight limit operating regimes.
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	Electrode

Weight Limit Operating Regimes
	Model Order

(na, nb, nc, nd, nf, nk)
	FIT
	  σ   (mΩ)





	Maximum electrode weight operating regime
	(4, 4, 4, 0, 0, 4)
	85.46%
	  − 0.25   <    ε  max    ( t )    < 0.25



	Minimum electrode weight operating regime
	(4, 4, 4, 0, 0, 6)
	82.25%
	  − 0.3   <    ε  min    ( t )    < 0.3










 





Table 3. Obtained set of model uncertainties of the true EPS.
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Model Uncertainty Set of the True EPS




	
Model Parameters

	
Nominal Electrode Weight Operating Regime Model

	
    Bound   of   Uncertainty   Region    Δ G ( s )     




	
Maximum Electrode Weight Operating Regime Model

	
Minimum Electrode Weight Operating Regime Model






	
 K  (mΩ/V)

	
   K  nom   =   4.15

	
   K  min   =   2.51

	
   K  max   =   6.21




	
   T 1    (s)

	
   T  1   nom   =   1.70

	
   T  1   min   =   0.70

	
   T  1   max   =   1.80




	
   T 2    (s)

	
   T  2   nom   =   1.55

	
   T  2   min   =   1.05

	
   T  2   max   =   1.75




	
   T 3    (s)

	
   T  3   nom   =   1.10

	
   T  3   min   =   0.85

	
   T  3   max   =   1.90




	
   T 4    (s)

	
   T  4   nom   =   0.90

	
   T  4   min   =   0.50

	
   T  4   max   =   1.55




	
 τ  (s)

	
   τ  nom   =   5.00

	
   τ  min   =   4.00

	
   τ  max   =   6.00
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