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Abstract
Dynamic solidification models of continuous casting are very demanding from the
computational point of view. The extensive progress of parallel computing on graphics
processing units (GPUs) in last years serves a great opportunity to use GPUs for computing of
dynamic solidification models of continuous casting. A GPU, which is usually equipped with
several hundred processors, can enable a substantial speed-up of solidification models due to
high parallelism. The paper describes the development of the parallel GPU dynamic
solidification model with the use of CUDA computing architecture and NVIDIA Tesla GPU.
Its computing performance is then compared with commonly used non-parallel models.
Consequently, the GPU model is used for model-based predictive control with an emphasis on
violent changes in the casting speed. This approach utilizes the GPU model for real-time
prediction of the temperature field for various control strategies. The proper control strategy is
then chosen according to the evaluation of the thermal behaviour of cast blank and other
criteria. The results show that parallel computing and GPUs are great tools to enhance the
computing performance of dynamic solidification models. Due to the significant speed up in
order of tens, new opportunities for real-time control of casting have become available.
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1. Introduction
A rapid development of computers during in last decades has enabled a wide use of
dynamic solidification models of continuous steel casting in steelworks and metallurgy
companies in the world. These models are used in various ways [1–6], e.g., for off-line
simulations (allow metallurgists to perform simulations and analyses of casting processes) or
for real-time (on-line) control and optimization of casting. Especially, on-line models are
required to operate in real time and process real data [7]. Owing to requirements on real-time
operation capabilities, on-line dynamic solidification models are rather simple but relatively
fast. On the other hand, off-line models allow for more detailed and accurate simulations but
they need significantly longer time to perform required calculations. However, control of
continuous steel casting and its optimization by means of dynamic solidification models usually
require features of both the on-line and off-line models, i.e., the rapid computation ability for
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real-time responses and control as well as the ability to compute a sufficiently accurate
transient temperature distribution of cast blank.
Recently, a novel computing approach has been introduced for computations of highly
parallelizable problems. This technique is called GPGPU (general-purpose computing on
graphics processing units) and, instead of the state-of-the-art CPU computing, utilizes computing on graphics cards, GPUs. Such a GPU consists of a rather large number (hundreds or ever
thousands) of relatively simple processors. Therefore, GPUs and GPGPGU offer a huge
performance for computations of various problems in science and engineering. Recently,
GPGPU techniques have been utilized, in particular, for computing in molecular dynamics [8],
image processing [9] and Monte Carlo simulations [10]. In spite of this, only several scientific
papers related to technical problems have been published by other researchers, see, e.g. [11].
Nowadays, the optimal control of continuous steel casting is a crucial task for every
steelmaker. A pertinent control of casting, in particular of the secondary cooling nozzles, is a
major issue in continuous casting since it is linked with productivity and quality. Researchers
and engineers have used various approaches for that purpose, e.g., PI or PID controllers [1],
heuristics and meta-heuristics [2, 3] or fuzzy logic [6]. However, various problems can appear
when these techniques are utilized in practice [12].
The motivation for authors of the paper was to overcome these problems related to both
the calculation of the dynamic solidification model and to the control method of continuous
casting. The authors of the paper have recently published their results on a very fast dynamic
solidification model running on GPU [13, 14] and on the model-based predictive control for
real-time control of continuous casting [12] which is mainly based on the use of the developed
GPU dynamic solidification model. The results show that GPGPU computing and the concept
of model-based predictive control seem to be great tools for modelling and control of
continuous casting. For further details, we refer readers to [12–14]. The aim of this article is to
summarize these results and performed research and to present these valuable tools to
specialists in continuous steel casting at the ECCC 2014 conference.

2. Dynamic solidification model for continuous casting and its GPU implementation
In these days, dynamic solidification models for continuous steel casting use the state-ofthe-art CPU computing, i.e., all calculations of the model are performed by the central
processing unit. However, dynamic solidification model based on particular numerical methods
is a parallelizable computational problem that can be computed more efficiently with the use of
GPGPU techniques and graphics processing units (GPUs) [15]. The GPGPU technique is
based on splitting a computational problem into parts that are independent and can be therefore
computed concurrently in parallel fashion. Hence, a GPU consists of a large number of simple
computing units which are intended to process an identical code, but on different data. The
number of computing units of a GPU can be between several hundred and several thousand
dependent on a particular type of GPU.
In continuous casting, transient heat transfer and the solidification of cast blank may be
modelled by the Fourier-Kirchhoff equation [16]
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where H denotes the volume enthalpy, T is the temperature, t is time, k is the thermal
conductivity, vz is the casting speed and z is the longitudinal spatial coordinate in the casting

direction. As can be seen from Eq. (1), fluid flow and mass transfer inside a cast blank are
usually neglected due to a rather large viscosity of the melt. The volume enthalpy used in
Eq. (1) is due to the latent heat of solidification which releases during the casting process [16].
The volume enthalpy can be defined as
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where ρ is the density, c denotes the specific heat, Lf stands for the latent heat and fs is the solid
fraction.

Fig. 2 GPU NVIDIA Tesla C2075
Fig. 1 Scheme of continuous casting model
The developed dynamic solidification model for continuous casting of steel billets
presented in the paper is derived from Eq. (1) including necessary initial and boundary
conditions which are used to set up the heat withdrawal from the billet, e.g., from the mould
and within the secondary spray cooling. The numerical implementation of the model is based
on the use of the control volume method and the explicit time discretization [13]. The explicit
time discretization of the model is crucial for the parallel model computing and it allows for
running the model on GPUs. Main principle of GPU model utilizes concurrent calculations,
i.e., computations related to different control volumes (within one time iteration) are calculated
concurrently by various computing units on GPU [13, 14]. The CUDA C/C++ computing
architecture provided by the producer of GPU NVIDIA was used for the implementation of
the model. The model calculates the unsteady temperature field of entire cast billet from the
pouring level inside the mould, within the secondary and tertiary cooling zones with cooling
nozzles to the cutting point where the torch cuts billets allowing a next processing stage, see
Fig. 1. The mesh density, which is represented by the number of control volumes, can be
arbitrarily chosen according to an intended use of the model.

3. Computing performance of CPU and GPU dynamic solidification models
The computing core of the developed model is running in MATLAB for both the CPU
and GPU model. In the case of the CPU model, the core was implemented as a MEX file
which enhances the computing performance. In the case of the GPU model, the computing
core was implemented in CUDA C/C++. For all benchmarking tests, the GPU NVIDIA Tesla
C2075 having 448 computing units and 6 GB of RAM memory was selected, see Fig. 2. The

CPU model was run on a computer with Intel Core 2 Quad CPU with 4 cores, each running
2.4 GHz and 6 GB of RAM memory. The computing performance between the developed
GPU solidification model and the identical model running on CPU representing the state-ofthe-art computing was compared and is shown in Fig. 3. Note that due to the significant
differences in the computing time of the models, Fig. 3 had to be displayed in logarithmic scale
rather than in linear (standard) one. The results of computing performance benchmarks are
presented for six computational mesh densities of cast blank, but providing identical casting
conditions in order to have comparable results [13]. The numbers of mesh nodes were 105,
2·105, 5·105, 106, 2·106 and 3·106. One can deduce from Fig. 3 that GPGPU computing can
serve a very significantly enhancement and it greatly improves the performance of the dynamic
solidification models. For the coarsest mesh with 2·105 of mesh nodes, the GPU solidification
model calculates all the computations in less than 3 seconds which is about 30-times faster than
the standard CPU solidification model. However, with an increasing mesh density, the
significance of parallelism and computational performance of GPU is even more powerful –
with the mesh including 3·10 6 the GPU model is even 50-times faster than the model running
on CPU architecture. The details about computing times and corresponding speedups for
various mesh densities in the range between 105 and 3·106 can be seen in Fig. 3. The presented
benchmark results unambiguously show the enormous computing power of GPUs and its
possible use in modelling of continuous steel casting [13].

Fig. 3 Results of benchmark tests comparing the performance of GPU and CPU models
4. Real-time model-based predictive control by means of GPU solidification model
Various techniques and approaches can be used for optimal control and optimization of
continuous steel casting [1, 3, 5, 6]. In the paper, the model-based predictive control approach
(MPC) [17,18] is examined by means of the developed GPU model. The MPC has been
recently utilized in various technical applications [17–19]. The idea of a MPC system is that the
MPC utilizes the computer model of the controlled process to predict and estimate beforehand
the behaviour and future evolution of the system. Afterwards, the MPC system evaluates the

results of these input changes and tries to respond to them. This behaviour is in fact an
opposite strategy than in case of PID systems which control a process according to what had
already happened in past.

Fig. 4 MPC system for continuous steel casting utilizing very fast GPU solidification model
The propounded MPC system for continuous steel casting described in the paper is
based on the use of the developed very fast GPU dynamic solidification model to predict the
behaviour of the casting process. The scheme of the MPC system for continuous steel casting
is shown in Fig. 4. The propounded control system is designed as a scenario-based system. In
each predefined step in time, the MPC control system acquires all necessary casting parameters
(casting speed, water flow rates in the secondary spray cooling, pouring temperature, etc.).
Based on these evaluated data, the MPC system proposes a predefined number of control
strategies to control the casting under actual casting conditions. Each of control strategies is a
possible control strategy of the caster, in particular specifying water flow volumes within the
secondary spray cooling. The control strategies are proposed according to experts’
experiences, the traditionally-used cooling curves (dependency of the flow volume through
cooling nozzles as a function of casting speed) and taking into account the effective casting
speed [12, 20] of all cooling zones within the secondary cooling. The effective casting speed is
actually related to the residential time which the cast blank divided in artificial slices spends
within each of the secondary cooling zone. This approach is mainly worth when the casting
speed varies in time [12]. In this case the cooling according to the real casting speed can lead
to inappropriate cooling, especially in cooling zones that are more far from the pouring level
[20]. Fig. 5 illustrates the use of the effective casting speed in case of fluctuating real casting
speed. It shows that the effective casting speed fairly realistically characterizes very variable
casting conditions. Notice that the effective casting speed causes smoothing of the real casting
speed, especially in case of cooling zones that are more far from the pouring level [12].

Fig. 5 Effective casting speed and its smoothness effect for three cooling zones
with different distances from the pouring level
Once the control strategies are generated, the MPC system for all of them calculates the
future temperature field of cast blank for a certain time horizon. Owing to the developed very
fast GPU model, all these calculations are possible to do in real time (within tens of seconds).
The MPC system then evaluates the predicted results and determines the resultant control
strategy to be applied in the real casting process. The resultant control strategy is chosen so
that it ensures to maintain the surface temperatures in specified temperature ranges (to avoid
surface defects) and to keep the metallurgical length in a predefined range. The loop of the
MPC system is thereby closed and the system continues with the next control iteration [12].
Note that the criteria for the selection of the resultant cooling strategy can be arbitrarily
modified according to requirements of metallurgists.
5. Use of MPC system in case of abrupt change of casting speed and discussion
The functionality and use of the developed model-based predictive control system were
tested in case of a casting situation with an abrupt drop of the casting speed [12]. The drop
was simulated as a 6 minute-duration drop from the casting speed of 1.5 m/min to 0.8 m/min,
see Fig. 6. For that purpose, the developed very fast GPU dynamic solidification model was
used in the following configuration: the casting machine with 6 spray cooling zones within the
secondary cooling including the total number of 180 spray cooling nozzles of several types.
The casting machine was supposed to cast 200 × 200 mm of a low-carbon steel billets, which
are routinely cast with the casting speed of 1.5 m/min. In the steady state casting conditions,
the abrupt drop of the casting speed described above was assumed to occur, see Fig. 6.
Also notice that the effective casting speeds for the cooling zones No. 2, No. 4, and
No. 6 are plotted in Fig. 6 (the corresponding curves for zones No. 1, No. 3, and No. 5 were
omitted due to the lucidity of the figure). From the figure one can see the smoothness effect of
the effective casting speed which implies that the spray cooling in the last zone No. 6 would
not be as intensive as in the cooling zones closer to the pouring level. The MPC system was
used to regulate the spray cooling within the cooling. The aim of the cooling strategy and the
criterion for the casting control was to maintain the predefined temperatures on the surface of
cast billet as close as possible to the corresponding temperatures for the case with steady-state

casting conditions, i.e., the case with no change of the casting speed. In other words, the
surface temperature courses in steady-state casting conditions were assumed to be optimal and
the aim of the control was to regulate the casting so that
T −T *
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where T is the actual surface temperature to be controlled and T* is the corresponding steadystate surface temperature considered as an optimum.

Fig. 6 Use of the MPC system for case with abrupt change of casting speed:
time evolution of the casting speed and of the corresponding effective casting speeds
As for the case of the abrupt change of the casting speed, the MPC system was set up
to propose 15 cooling strategies with various cooling intensities of spray cooling within the
secondary cooling. The cooling strategies generated by the MPC system were proposed taking
into account the cooling setup used in the steady-state casting conditions as well as the
effective casting speeds providing the information about real casting conditions, but filtered by
the smoothness effect. The MPC system then in real time calculated the temperature fields
which would be attained under the proposed cooling strategies. The GPU dynamic
solidification model was set up for the computational grid with 106 nodes and all these
computations of future thermal behaviour for all the proposed cooling strategies were
computed in less than one minute by means of GPU NVIDIA Tesla C2075 [12].
The controlled surface temperatures on the top surface for three (for the lucidity of the
figure) selected representative cooling strategies calculated by the MCP system are shown in
Fig. 7. These cooling strategies are denoted as CS-1, CS-2, and CS-3 and show the thermal
behaviour of cast billet in the cooling zones No. 4, No. 5, and No. 6. The temperature courses
are plotted in a moment when 5 minutes elapsed from the drop of the casting speed, i.e., in
time of 6 min. corresponding with Fig. 6. Fig. 7 also shows how the surface temperature would
be in the case of no change in cooling. One can readily see from Fig. 7 that a substantial
subcooling of the billet surface would occur within secondary cooling in case of no change of
the cooling setup, i.e., in case of no control system used. The proposed cooling strategy CS-1
applied to control the casting would also result in unadvisable cooling because it would lead to
a rather subcooling, see Fig. 7. On the other hand, the proposed cooling strategy CS-2 seems
to be also quite inappropriate since it would conversely cause an undesirable overheating,

mainly in cooling zones No. 5 and No. 6. However, the cooling strategy CS-3 seems to be a
fairly feasible cooling strategy since this setup of cooling would maintain the controlled surface
temperature very close to the optimal surface temperature. Hence, the cooling strategy CS-3 is
then taken as the optimal cooling strategy to be applied to the real casting process. The control
system then proceeds to the next time instant, retrieves the data from the caster again and the
whole procedure is repeated in a loop to control the casting process [12].

Fig. 7 Results of the MPC for the case of abrupt change of casting speed:
controlled surface temperatures of cast billet
Conclusion
The paper summarizes the research and its results performed in the field of continuous
casting of steel. The very fast GPU dynamic solidification model running on graphics
processing units was developed. The comparison of the computing performance between the
ordinarily used CPU models and the developed GPU model shows that the GPU model can
offer even 50-times faster computing of the temperature field of cast blanks. The GPU model
was then utilized as a numerical sensor for the optimal casting control. For that purpose, the
model-based predictive control approach was utilized and implemented. The control system is
designed as a scenario based utilizing the concept of effective casting speed for the proposal of
the cooling strategies. The use of the control system was demonstrated for the casting situation
with an abrupt change of the casting speed. The presented results show that the developed
MPC can provide a fairly good casting control and is a promising tool for the real-time casting
control.
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