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Abstract 
 
The twin-roll strip casting process is a steel-strip production method which combines continuous casting and hot rolling processes. The 

production line from molten liquid steel to the final steel-strip is shortened and the production cost is reduced significantly as compared 
to conventional continuous casting. The quality of strip casting process depends on many process parameters, such as molten steel level 
in the pool, solidification position, and roll gap. Their relationships are complex and the strip casting process has the properties of nonlin-
ear uncertainty and time-varying characteristics. It is difficult to establish an accurate process model for designing a model-based control-
ler to monitor the strip quality. In this paper, a model-free adaptive neural network controller is developed to overcome this problem. The 
proposed control strategy is based on a neural network structure combined with a sliding-mode control scheme. An adaptive rule is em-
ployed to on-line adjust the weights of radial basis functions by using the reaching condition of a specified sliding surface. This surface 
has the on-line learning ability to respond to the system’s nonlinear and time-varying behaviors. Since this model-free controller has a 
simple control structure and small number of control parameters, it is easy to implement. Simulation results, based on a semi-
experimental system dynamic model and parameters, are executed to show the control performance of the proposed intelligent controller. 
In addition, the control performance is compared with that of a traditional PID controller.  
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1. Introduction 

It is well known that the strip casting process integrates 
casting and rolling into a single production step to produce 
thin steel strips directly from molten metal. The twin-roll strip 
casting process can produce 1-5 mm thin steel strips directly 
from the molten steel. The production line from molten liquid 
steel to the final steel-strip is shortened and the production 
cost is reduced significantly as compared to conventional con-
tinuous casting. Furthermore, since the strip casting process 
has a high cooling rate, it can increase the mechanical proper-
ties of steel [1, 2]. However, strip casting process dynamics 
have the properties of nonlinear uncertainty and coupled be-
haviors, and the molten steel level control problem is still an 
important topic for investigation to guarantee steel strip qual-
ity. Graebe et al. [3] demonstrated the model and various non-
linearities appearing in the continuous casting process and 
proposed different issues that needed to be solved in the con-

troller design. Hesketh et al. [4] applied an adaptive control 
strategy for the mould level control of a continuous steel slab 
casting. Hong et al. [5] investigated the modeling and control 
of a twin-roll strip caster. They analyzed different critical dy-
namics, including molten steel pool leveling, and developed a 
two-level control strategy to achieve a constant strip thickness 
and to maintain a constant roll separating force. 

Since the dynamic characteristic of this strip casting process 
is very complicated, it is difficult to establish an appropriate 
dynamic model for a model-based controller design. Hence, a 
model-free fuzzy control strategy is considered to solve this 
problem [6-8]. However, the design of a traditional fuzzy con-
troller fully depends on an expert, or the experience of an op-
erator, to establish the fuzzy rule bank. Generally, this knowl-
edge is difficult to obtain. A time-consuming adjustment proc-
ess is required to achieve the specified control performance. 
Thus, these factors hinder its application and implementation. 

In this work, an adaptive neural network controller without 
process dynamic model requirements is proposed to control 
the molten steel level of the strip casting process. The pro-
posed control strategy is based on a radial basis function 
(RBF) structure combined with a sliding-mode control scheme. 
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An adaptive rule is employed to on-line adjust the weights of 
radial basis functions, which is derived from the reaching con-
dition of a specified sliding surface. Since the proposed struc-
ture has the capability of adjusting the weights of the RBF 
continuously, the initial weights can be start from zero. Here, 
the adaptive neural network controller is designed for regulat-
ing the height of the stopper controlled by an electric servo-
motor to achieve the desired molten steel level during the strip 
casting process. The control performance is evaluated based 
on numerical simulation results. In addition, the performance 
of this proposed controller is compared with that of a tradi-
tional PID technique to show the performance improvement. 

This paper is organized as follows. Section 2 describes the 
twin-roll strip casting process dynamics and system model for 
simulation purpose. Section 3 presents the model-free adap-
tive neural network control strategy. Section 4 describes the 
numerical results of the proposed controller. Finally, conclu-
sions are presented in Section 5. 

 
2. System model for simulation purpose 

A process mathematical model, which describes the rela-
tionship between the command inputs and the measured out-
puts, is required for the dynamic simulation to evaluate the 
numerical dynamic performance of a model-free controller. 
The mathematical model for the molten steel leveling dynam-
ics developed in [7] is described in this section. Fig. 1 shows a 
diagram of the strip casting process. For developing the 
mathematical model, it is assumed that the molten steel is 
incompressible, and the two rollers are identical. The continu-
ity equation of the liquid steel can be described as: 

 

in out

dV Q Q
dt
= −  (1) 

 
where V is the volume of the molten steel stored between the 
twin-roll cylinders, inQ  is the control input flow into the 
space between roll cylinders, and outQ  is the output flow 
from the roll cylinders. The volume V  can be calculated as: 

 
rV AL=   (2) 

 
where rL  is the length of the roll cylinders and A  is the 
area of the oblique, calculated as follows: 
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where ( )gx t is the roll gap, R  is the radius of the roll cylin-
der, and ( )y t  is the height of molten metal above the axis of 
the rollers. By substituting Eqs. (2) and (3) into Eq. (1), we 
obtain: 
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Fig. 1. Diagram of the strip casting process. 

 
If ( )2 22 2gx R R y+ − −  is defined as ( , )r gB x y , the fol-

lowing form can be derived from Eq. (1): 
 

1
( , )

g
in out r

r g r

dxdy Q Q L y
dt B x y L dt

⎛ ⎞⎟⎜ ⎟= − −⎜ ⎟⎜ ⎟⎜⎝ ⎠
      (5) 

 
Here, the input flow inQ  can be derived from the stopper 
opening height ( )h t  and a nonlinear time-varying input flow 
rate parameter ( )a t , depending on the shape of the nozzle 
and the stopper, clogging/unclogging dynamics, and the 
height and viscosity of the molten metal in the tundish. 

 
( ) ( )inQ a t h t= ⋅                                   (6) 

 
where the orifice opening, ( )h t , which is equal to the height 
of the stopper, is controlled by an electric servomotor. Due to 
the fast response of the electric servomotor, the stopper mo-
tion dynamics are assumed to be negligible. In addition, if the 
response of the stopper actuator is fast enough, the orifice 
opening can be derived as: 

 
( ) ( )h t ku t=                                  (7) 

 
where ( )u t  denotes the control input and k  is the servo 
gain. 

The output flow outQ  can be derived from the product of 
roll surface tangential velocity rv , roll gap gx , and the length 
of the roll cylinder rL : 

 
out r g rQ L x v=                                    (8) 

 
The dynamic model will only be used in the numerical simula-
tions for evaluating the dynamic performance of the proposed 
adaptive neural network controller. The designing process of 
the proposed controller does not need this dynamic model and 
the strategy is described in the next section. 
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3. Adaptive neural network controller 

The sliding mode control theory was proposed by Utkin [9] 
in 1977. Thereafter, Slotine [10], and Edwards and Spurgeon 
[11] developed the theoretical works of the sliding mode con-
troller well and expanded its applications. The sliding mode 
control can be used to handle the nonlinear behavior of a sys-
tem, model uncertainty, and external disturbance. Here, the 
sliding surface variable, s , is selected as the controlled vari-
able for designing a neural network (NN) controller. 

Consider a second-order system with e  and e  as the 
phase plane variables. The sliding surface on the phase plane 
for this nonlinear system can be defined as: 

 
ds e e e
dt

λ λ
⎛ ⎞⎟⎜= + = +⎟⎜ ⎟⎟⎜⎝ ⎠

                            (9) 

 
where s is the sliding variable, e  is the tracking error, and 
λ  is a strictly positive constant. This sliding variable, s , will 
be used as the input signal for establishing a NN model to 
approximate the control law. The sliding-mode controller can 
be derived based on the instantaneous approximating model at 
each sampling instant. 

Since the back propagation NN has the disadvantages of 
slower learning speed and local minimal convergence, the 
RBF neural network (RBFNN) was proposed to solve these 
problems [12-14]. The semi-affine nonlinear functions were 
employed as the activation function in a hidden layer instead 
of sigmoid functions. Hence, it will simplify the NN structure 
and increase the learning speed. Here, a RBFNN is employed 
to model the mapping between the sliding surface variable, s , 
and the system control law, u . The Gaussian function is used 
as the activation function of each neuron in the hidden layer. 
The excitation values of these Gaussian functions are the dis-
tances between the input values of sliding variables and the 
central positions of Gaussian functions. 

 
2( )j j js c s cθ = − = −                           (10) 

 
where s  is the input sliding variable and jc  is the central 
position of neuron j . The weighting, jw , between input 
layer neurons and hidden layer neurons are specified as con-
stant 1. The weights, kw , between hidden layer neurons and 
output layer neurons are adjusted based on an adaptive rule. 
Then, the output of a RBFNN is: 
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where 

2 2( ) exp( ( ) / )j j js s cφ σ= − −  is a Gaussian function, 
j  is the j th neuron of the hidden layer, jσ  and jc  are 

the spread factor and central position of the Gaussian function, 
respectively, n  is the number of neurons, and s  is the input 
value of the RBFNN. 

A RBFNN-based controller is proposed here by combining 
an adaptive rule and the technique of sliding mode control. 
For a single-input and single-output case, the control input of 
the RBFNN controller is defined as: 
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where n  is the number of hidden layer neurons. In order to 
combine the advantages of the sliding mode and adaptive 
control schemes into the RBFNN, a sliding surface variable, 
s , is chosen as the input value of the RBFNN, and an adap-
tive rule is introduced to adjust the weights between hidden 
and output-layer neurons. 

Based on the Lyapunov Theorem, the sliding surface reach-
ing condition is 0ss< . Here, a RBFNN is employed to ap-
proximate the nonlinear mapping between the sliding input 
variable and the control law. The weights of the RBFNN 
should be regulated based on the reaching condition, 0ss< . 
An adaptive rule is designed to adjust the weights for search-
ing the optimal weighting values and obtaining the stable con-
vergence property. The adaptive rule is derived from the steep 
descent rule to minimize the value of ss  with respect to iw . 
The updated equation of the weighting parameters is: 

 
( ) ( )

( )j
j

s t s tw
w t

∂=−Γ
∂

                               (13) 

 
where Γ  is the adaptive rate parameter. Based on the chain 
rule, the above equation can be rewritten as: 
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where Γ  is the adaptive rate parameter and γ  is the chosen 
overall learning rate parameter. Then, the weights between 
hidden and output layer neurons can be on-line adjusted to 
achieve the learning ability of RBFNN. Those weight values 
are the most important parameters in this control strategy be-
cause they determine the ratio of each radial basis function in 
the control law. The control block diagram of this adaptive 
neural network controller is shown in Fig. 2. 

During the strip casting operation process, the molten metal 
level controller is designed for regulating the height of the 
molten metal in the tundish at an appropriate value to guaran-
tee steel strip casting quality. However, the molten steel level 
is influenced by the various process parameters and distur-
bance. In addition, it has nonlinear and coupling dynamics as 
shown in Eq. (5). For example, the molten pool level ( )y t  is 
significantly affected by process parameters, such as roll gap,  
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Fig. 2. The adaptive neural network control block diagram. 
 
speed, and in/out flow rates. It is difficult to establish an accu-
rate dynamic model for model-based control design. Here, the 
model-free adaptive neural network controller is employed to 
monitor the molten steel level. 
 

4. Numerical results 

During the roll casting process, once the molten metal 
comes into contact with the rotating rollers, a thin solidifica-
tion shell is formed on the surface of each roller. The shells 
gradually grow in thickness from each roller surface, finally 
coming into contact with each other and welding together at a 
position around the roller exit, called the solidification final 
point. If the molten metal level is higher than the desirable 
value, the solidification final point will occur above the roller 
exit. This frequently results in heat cracking and damage to 
the cooling roller surface, in addition to material structural 
abnormalities in the steel strip. The control process may be-
come ultimately unstable. If the molten metal level is lower 
than the desirable value, the solidification final point will oc-
cur below the roller exit. The steel strip surface will have infe-
rior quality due to the breakout and oxidation. Hence, the mol-
ten metal leveling control is the important process control 
parameter that guarantees the solidification final point and 
rolling strip quality. The molten steel level must be maintained 
within the endurable bounded range during the full casting 
process, except in the initial startup operating mode, by filling 
the molten steel into the twin roll cylinders from the tundish. 

In order to verify the effectiveness of the proposed intelli-
gent controller, the following numerical simulations are per-
formed. The system parameters used in the simulation study 
are selected as: 650R= (mm), and 1350rL = (mm). These 
values were chosen from previous researches [7, 8]. The varia-
tion of the input flow rate, ( )a t , used to describe the slow 
nozzle clogging and sudden unclogging is shown in Fig. 3 
from reference [7]. The initial molten steel level and desired 
molten steel level were set to be 200 and 210 mm, respec-
tively. The sampling frequency was selected as 100 Hz. The 
parameter λ  in the sliding surface was set as 150. This value 
will influence the slope of sliding surface and the system re-
sponse speed. In order to adjust the covering range of Gaus-
sian functions, the parameter 1000gs=  was selected to 
regulate the sliding surface input variable. The learning rate 
parameter γ  was set to 0.28. The central positions of the five 
radial basis functions were set at 2− , 1− , 0, 1+ , and 2+ .  
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Fig. 3. Variation of the input flow rate. 
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Fig. 4. Case A: Molten steel level (transient response). 

 
 

The spread factor of these Gaussian functions was specified as 
the constant 1. 

Case A: The parameters gx  and rv  are constant. 
The system parameters roller gap gx  and roller speed rv  

used in this simulation are set as constant, 13rv =  mpm and 
2gx =  mm. In practice, it is important for these parameters 

to reach the desired molten steel level dy  in a short period of 
time without overshooting, and to guarantee the molten steel 
level within a bounded endurable region during the casting 
process. The dynamic responses of the proposed controller 
based on numerical results are shown in Fig. 4 (transient re-
sponse) and Fig. 5 (steady-state response). The variations of 
the orifice opening are shown in Fig. 6. The dynamic re-
sponses and the variations of orifice opening of the traditional 
PID controller are shown in Figs. 7 and 8, respectively. Since 
the variation of the input flow rate had a sudden change from 
0.16 to 0.2 2 /m s  at the moments of 100, 200, and 300 s, the 
small change in time (200 s) in Fig. 5 is due to the sudden 
variation of the input flow. It takes about six steps (60 ms) for 
the height of molten steel, y , to converge to the desired mol-
ten steel level, dy  , using the proposed controller. The con-
verging time of the molten steel level is faster than the result, 
0.4 s from reference [8] and that of the PID controller. In addi-
tion, it can be observed that the steady-state error can be kept 
within 0.02 mm to the end of the control process even in in-
stances where the input flow rate varies due to the sudden 
unclogging. 
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Fig. 5. Case A: Molten steel level (steady-state response). 
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Fig. 6. Case A: Variations in orifice opening.  
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Fig. 7. Case A: Molten steel level (PID controller: 20pk = , 0.1ik = , 
and 1dk = ). 
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Fig. 8. Case A: Variations of orifice opening (PID controller: 20pk = , 

0.1ik = , and 1dk = ). 

Case B: The parameters gx  and rv  are not constant. 
Since the system roller gap gx  and roller speed rv  pa-

rameters may have some perturbations in the real strip casting 
process, the values of gx  and rv  with certain variations 
instead of as constants are chosen in this simulation. These 
parameter perturbations are set as random variations with a 
maximum amplitude that is 20% of the system nominal pa-
rameter values. The disturbances are added for the entire con-
trol process to represent the parameter perturbations. The dy-
namic responses of the proposed controller based on its nu-
merical results are shown in Fig. 9 (transient response) and 
Fig. 10 (steady-state response). The variations in orifice open-
ing are shown in Fig. 11. It takes about eight steps (80 ms) for 
the height of molten steel, y , to converge to the desired mol-
ten steel level, dy , with 0.2±  mm steady-state error using  
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Fig. 9. Case B: Molten steel level (transient response). 
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Fig. 10. Case B: Molten steel level (steady-state response). 
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Fig. 11. Case B: Variations in orifice opening. 
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the proposed controller. The converging time of the molten 
steel level is faster than the result of [8] and the steady-state 
error is smaller than the result, 1±  mm of [7]. 

Based on the simulation results, it can be observed that the 
proposed controller can effectively regulate the molten steel 
level at the preset desired level without overshooting. 

 
5. Conclusions 

Strip casting process dynamics have the properties of nonli-
near uncertainty and time-varying characteristics. It is difficult 
to establish an accurate process model for designing a model-
based controller to monitor the strip quality. A model-free 
adaptive neural network controller is employed to control the 
molten steel level of the strip casting process. The proposed 
control strategy has online learning ability for responding to 
the system’s nonlinear and time-varying behaviors during the 
molten steel level control. From the simulation results, it can 
be observed that the converging time of the molten steel level 
is less than 80 ms for both simulation cases. In addition, the 
proposed control strategy can effectively monitor the molten 
steel at the preset desired level without overshooting to guar-
antee steel strip casting quality. Furthermore, from the control 
results, it can be concluded that the performance of the pro-
posed controller is better than that of a traditional PID control-
ler. This has significantly reduced the trial-and-error efforts of 
implementing a PID control strategy. 
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