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Prediction of the measured temperature after the last finishing stand using artificial
neural networks

Willem Vermeulen, Andre Bodin and Sybrand van der Zwaag

In this report the development of an artificial neural network, capable of predicting the temperature after the last finishing stand of a hot
strip mill for a certain class of steels, is described. Three neural networks with different numbers of hidden nodes (3, 5 and 7) were
trained. The relative standard deviation in finish temperature as predicted by the best performing neural network model (7 hidden nodes})
was just over 25% smaller than that of the linear Hoogovens model. This Impraved accuracy can be explained by the incorrect assumption
in the Hoogovens model of linear dependence of the finishing temperature on some input parameters.

With the trained neural network, the influence of the various input parameters on the finishing temperature could be examined. The de-
pendencies predicted by the neural network can be approximated by a linear fit and are a factor 2 lower for all input parametars.

It is conceivable that operation of the mili using an artificial neural network for the prediction of the finishing temperature would have re-
sulted in smaller operational fluctuations,

Vorausberechnung des TemperaturmeBwertes hinter dem letzten Fertiggeriist mit neuronalen Netzen. In dieser Arbeit wird die
Entwicklung einas kilnstlichen neuronalen Netzes beschrieben, mit dem sich die Temperatur hinter dem letzten Fertiggeriist einer Warm-
bandstraBe fir eine Reihe von Stahlsorten vorausberechnen [4B3t. Drei verschiedena Netzkonfigurationen mit unterschiedlicher Anzahl von
Knoten in der mittleren Ebene (3, 5 und 7) wurden trainlert. Die Standardabweichung fir die genaueste Temperaturabschétzung, die mit
dem neurcnalen Netz mit 7 Knoten in der verdeckten Ebene zustande kam, lag um 25% niedriger als der mit dem linearen Hoogovens-
Modell berechnete Wert. Diese bessere Genauigksit (4Bt sich damit erkldren, da3 das Hoogovens-Modell von der falschen Annahme
ausgeht, daB die Abh&ngigkeit zwischen der Fertigwalztemperatur und einigen Eingangsparametern linear sei.

Mit dem trainierten neuronalen Netz |43t sich der EinfluB der verschiedenen Eingangsparameter auf die Fertigwalztemperatur unter-
suchen. Die mit dem Netz vorausberechneten Abhéngigkeiten kénnen angepalt werden und liegen fir alle Eingangsparameter um den
Faktor 2 niedriger. Es ist vorstelibar, da3 der Einsatz kiinstlicher neuronaler Netze zur Vorausberechnung der Fertigwalztemperatur zu
einem gleichméBigeren Walzwerksbetrieb fihren kénnte,

Hot rolling of steel is a very complex process. In order to
produce a strip of metal with uniform mechanical proper-
ties and hence a uniform microstructure both hot rolling
and the cooling conditions on the run-out table must be
carefully controlled. This control is only possibie if the
temperature is known at all stages of the process. Of par-
ticular interest is the temperature after the finishing train of
the mill as this determines the settings of the cooling
conditions on the run-out table and the temperature control
from reheating furnace to finishing mill. It also holds in-
formation on whether the strip was rolled in the austenitic
state or not. In this report a neural network is developed to
predict the measured finishing temperature as a function of
the process parameters in the rolling mill. The predictions
of the neural network are compared with those of an exist-
ing linearised model involving the same parameters cur-
rently in use at the hot strip mill of Hoogovens, lmuiden
(from now on referred to as the linear model).

First, the complete rolling and cooling process will be
discussed briefly, using hot strip mill no. 2 at Hoogovens,
figure 1, as reference mill.

Following continuous casting the slabs are allowed to
cool to room temperature and are then fed into the reheat-
ing furnace (or occasionally hot charged). To reduce the
work that is necessary to deform the steel slab and to dis-
solve precipitated elements such as niobium and alumin-
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ium, the slabs are (re)heated to a temperature of 1250 °C.
An optimum has to be found between (micro)alloying
elements going into solution, excessive oxide layer forma-
tion, reheating time, and energy costs. The oxide layer
formed in the furnace is removed before the actual rolling
by high-pressure water jets. The next process is roughing,
where a transfer bar is produced that can be handled by the
finishing train. The temperature of the slab after roughing
is approximately 1050 °C. The next step is the deformation
of the transfer bar to a strip in a coupled finishing train
with 7 stands. In the finishing train the final thickness and
shape of the strip are determined but the width can be
adjusted slightly during roughing. During the complete hot
rolling process, the steel must be kept in the austenitic state

Accelerated Cooling
(water spraying)

Coiler

Roughing
Mill
Pre-Heated

Slab

Figure 1, Schematic representation of the hot strip mill no. 2 at
Hoogovens 1dmuiden
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and the oxide layer thickness must be kept as low as pos-
sible. This limits the temperature domain of the rolling
process from 1050 to approximately 890 °C for a low
carbon steel. The minimum temperature is determined by
the steel composition. Below this minimum temperature,
the austenite will transform into a different structure
(ferrite, pearlite, bainite or martensite, depending on steel
composition, temperature, and cooling rate). After the last
finishing stand, the strip is water cooled on the run-out
table to a predetermined coiling temperature. The cooling
conditions are of vital importance for the final properties
{microstructure) of the rolled strip. A very important tem-
perature which is required for calculating the cooling pro-
cedure on the run-out table is the strip temperature after
the last finishing stand, Tf7.

Production costs in a hot strip mill can be reduced if its
efficiency is increased, e.g. if the amount of rejected mate-
rial is reduced. A strip is considered as rejected material if
it does not meet the requirements of the customer and thus
has to be sold as lower quality or has to be re-melted. This
last option implies a tremendous amount of extra materials
handling and energy costs. One way of increasing the
cfficiency of the hot strip mill is to optimise the cooling on
the run-out table by a more accurate control of the strip
temperature after the last finishing stand. A better control
of the coiling temperature will also increase efficiency,
although this control is already very good [1] at Hoogov-
ens. Other possible improvements can be obtained by
better control of the rolling forces [2...4]. Better prediction
of the rolling forces may reduce variations in head-end
thickness of the hot strip. For a more accurate rolling force
prediction, an accurate temperature model is a prerequisite.

This report describes the modelling of the measured fin-
ishing temperature (7t7) using an artificial neural network.,
At present a simplified (linear) model, derived from an off-
line physically based mathematical (finite difference)
model is used at Hoogovens Steel Stripmill Products to
predict this finish temperature. This model is continuously
adapted to the changing operational conditions in the mill
by an adaptive procedure. The accuracy of this model is
good, but it is assumed that further improvements can be
reached if the Tt is predicted using a non-linear model.
The goal of this research is to design such a model and to
verify the assumption. Several neural networks with differ-
ent architecturc were trained and the accuracy of their
predictions was compared with that of the linear model.
The neural network with the highest accuracy was investi-
gated in more detail; the influences of the input parameters
on the predicted Ty were identified and compared to the
input parameter dependencies in the linear model.

The Hoogovens model

The linear model for predicting the measured finishing
temperature after the last finishing stand is a model that
consists of eight linear independent factors and one par-
tially dependent parameter. The lincar model in its basic
form is given in equation (1)

Tiy = M Tivase 7. Hin Ty AH g MIF.CE.RSH) - (1)
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with Tt7 - re-predicted finishing temperature after the last
stand, Tf7basc - base finish rolling temperature, adapted
from strip to strip, V¢7 - rolling speed of the last stand, Hf7-
strip thickness after the last finishing stand, Tt - calculated
temperature at first finishing stand. No contribution of
water-cooling at descaling and interstand-cooling. So, just
radiation is accounted for. Hrs - transfer bar thickness,
MIF - mill intensity factor, CF - cooling factor (water-
cooling at descaling and interstand cooling) and RSH -
relative strip hardness.

For any statistically based model, the strips have to be
divided into groups with similar characteristics. For the
linear Hoogovens model, the steel grades are divided into
quality groups which in turn are divided into thickness
groups. The constants in the model can have different
values for different thickness groups. The same applies to
the standard rolling strip thickness and the transfer bar
thickness. The standard rolling speed and the standard
temperature at the first finishing stand are constant within
a specific thickness and quality group. The Trrbase iS
adapted from strip to strip and accounts for changes in
installation condition.

Data

In total 5763 strips from a specific thickness group and
steel grade were used to train and validate the neural net-
work. From this data set 1441 strips (25% of the total
number of strips) were selected randomly for the valida-
tion set. The remaining 4322 strips for the training set were
stored in random order to prevent positional bias.

The input parameters of the neural network were identi-
cal to those of the Hoogovens model to allow a fair com-
parison between the two models. In total eight variables
served as input to predict the measured finish temperature
after the last finishing stand. These input parameters are:
Ttibase, V7, Ht, Tt1, HRe, MIF, CF, and RSH.

input parameter

interval

Figure 2. Graphical data distribution of the input and output pa-
rameters. The parameter domain is divided in 10 equal intervals
and the number of strips lying within a specific interval is identified
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The output of the neural network is the temperature of
the strip just measured after the last finishing stand (7).
The distribution of the input and output parameters is
given in graphical format in figure 2. Each parameter
domain is divided into 10 equal intervals and the number
of strips lying within a specific interval is identified.

Training of the neural network

The neural network used in this research is a hierarchical
feed forward neural network and is trained with back-
propagation of error, the momentum version of this train-
ing rule. A detailed description of this training rule is given
by Hecht-Nielsen [5]. In this section the basic features of
the neural network used and training with backpropagation
are explained. More information on the neural network
theory in general, can be found in references [5...7].

A diagram of the type of neural network used is shown
in figure 3. The basic unit in a neural network is its proc-
essing element, called a node or a neuron. In a hierarchical
neural network thcse nodes are ordered in layers. The
network is called feed-forward, because the nodes process
the information in one direction only, from input to output.
Each node in a layer is connected, via a weight factor, with
each node in the preceding layer; the network is fully con-
nected. The number of nodes in the input layer equals the
number of input parameters. In this research the total of
input parameters is 8. The number of nodes in the output
layer equals the number of output parameters. In this re-
search the number of output parameters equals 1, the finish
temperature after the last finishing stand. The optimum
number of nodes in the intermediate -hidden- layer de-
pends on.the complexity of the problem, and it is up to the
researcher to determine this. This intermediate layer is
called the hidden layer since both inputs and outputs from
this layer come and go from other network layers and
hence this layer is not seen when looking from the outside
to the network.

Each node computes the scalar product of its input val-
ues and their weight factors and passes this value to a sig-
moid transfer function, which produces the output signal
of the node. To determine the weight factors -the actual
modelling- the neural network has to be trained with back-
propagation of error, the momentum version [5].

An iteration in the training cycle is outlined in the flow-
chart of figure 4. To start, the weight factors are initialised
randomly. Then, the input and output data of one sample
are presented to the network, which, with its randomly
initialised weight factors, calculates the output of the
sample; the predicted value. This predicted value is com-
pared with the actual or target value of the sample. The
difference between target and predicted value -the error in
the prediction- is a measure for the weight factor correc-
tion. This correction takes place in the reverse direction -
back propagation of error- so first, the weight factors of the
output layer are corrected, and then the weight factors of
the nodes in the hidden layer. Once the weight factors have
been corrected for all samples, the training cycle is re-
peated until the differences between calculated and target
output values are minimised sufficiently.
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Figure 3. Representation of a feed-forward hierarchical neural
network. Data is transferred from left to right along the arrows; the
circles represent the nodes or neurones

At large number of training cycles -itcrations- the net-
work starts to model not only the functional dependencies
between input and output parameters but also the noise in

- the data set. This is called overtraining. To prevent the

network from overtraining the data is split into a relatively
large training set and a smaller test or validation set. The
weight factors in the network are adjusted using the data in
the training set only. In case of overtraining the error for
the training set decreases while that for the test set in-
creases with further iteration. At this point training should
be stopped. The neural network software package used is
designed in such a way that at the onset of overtraining the
training is stopped automatically. Once the network is
trained, the weight factors are fixed and the neural network
may be used to calculate the output for any arbitrary sct of
input data between the boundaries of the input parameter
domain.

In total 3 neural networks were trained, all on the same
data, but with different architecture, i.e. with a different
number of hidden nodes. A network with 3 hidden nodes
(network 1), a network with 5 hidden nodes (network 2),
and finally a network with 7 hidden nodes (network 3)
were trained. The number of iterations for the training was
pre-set at 10000, resulting in a computing time of ap-
proximately 12 to 14 hours for cach of the three networks.

input layer

hidden layer  output layer

input output target

weight weight —
correction [«—{ correctionfe— ]
in hidden in output
layer layer

Figure 4. A flowchart of the training cycle in a feed-forward hierar-
chical neural network
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Table 1. The s (°C) of the prediction of the neural network models

and the linear model! for both the complete and the validation data
set

Sall Svalidation
linear modet 59 6.0
network | 44 4.6
network 2 44 4.5
network 3 43 44

Training was performed on a IBM compatible PC, 486 DX
11, 66 MHz.

The neural networks converged to a minimum after ap-
proximately 2000 - 3000 iterations. Overtraining started at
this number of iterations, and the weights of the neural
network are saved just before the onset of overtraining.

Results

The performance of the neural network is evaluated us-
ing the relative standard deviation (s). The s is defined as:

2)

with s - relative standard deviation in °C, Tf7m - measured
finishing temperature in °C, Ti7 - re-predicted finishing
temperature in °C and & - number of samples (-).

The s of the prediction of the linear model and network
1, 2 and 3 networks for the complete data set and the vali-
dation set are given in table 1.

The finish temperature predicted by network 3 is plotted
in figure Sa versus the measured finish temperature. A
similar plot for the linear model predictions is shown in
figure 5b. The measured data are cqual for both plots.
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Figure 5a. Finishing temperature predicted by network 3 versus
the measured finishing temperature
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Generally a good agreement between measured and pre-
dicted is obtained forboth linear model and network 3.
However, the performance of the network 3 is just over
25% better than the linear statistical model.

Discussion

All three neural networks give a better prediction of the
Tt7 than the linear model. From table 1 it is concluded that
the linear model is an accurate model with a low s in the
prediction (~ 6.0 °C). However, the neural network models
can improve on this with an s in prediction of 4.4 °C for
network 3, which is an improvement in prediction of just
over 25%.

Beside the s in prediction, the performances of all mod-
els (linear model and network 1, 2 and 3) were evaluated
using the average mean error, The average mean error is
defined as the average value for the measured minus the
predicted finish temperature. So a positive average mean
error, means an average prediction that is lower than the
measured temperature. For all models this mean was very
close to zero, indicating that none of them exhibit a sys-
tematic prediction below or above the actual re-predicted
finishing temperature, T¢7.

Network 3 (7 hidden nodes) is the best artificial neural
network model and will therefore be considered during the
rest of this report. The difterence between the s and aver-
age mean error of network 1, 2 and 3 indicates that the
number of hidden nodes does not have a large influence on
the accuracy in the prediction. 1t is considered to be be-
yond the scope of this report to go into further detail on
this aspect of neural networks.

The outliers in the final set of predicted finishing tem-
peratures (those predictions of network 3 with an error in
prediction larger than 3 s), were identified in both the
training and the validation set. On the assumption of a
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Figure 5b. Finishing temperature predicted by the linear model
versus the measured finishing temperature
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Table 2. input parameter of the 4 reference strips _ ” l ,,’/
Input parameter {reference | |reference 2 |reference 3 |reference 4

Tt7base low high medium medium

] medium medium medium low

Hey low medium medium high 900 -

Te high medium medium low

Hpe low high low medium

MIF high low medium high

CF low high medium medium

RSH medium medium medium medium

normal distribution, 99.74% of all data should fall within
the limits of 3 s. So, 4 outliers in the validation and 11 in
the training set are expected. However, 14 (0.97%) and 30
outliers (0.69%) are identified in, respectively, validation
and training set. Almost half of the erroneous predictions
can be explained simply by looking at the data, e.g. some
strips have a number of input parameters at the edges of
the input domain, i.e. very thick or thin strips, strips that
are rolled at relatively high speed, strips that have cooled a
relatively long time at the roller table before finish rolling
etc. No information could be found in the data set to ex-
plain the other outlier predictions.

Even for the outliers, the predictions of the neural net-
work were a little better than those of the linear model
(Snetwork 3 = 15.1 °C and Slinear = 17.6 °C). The predictions
of both linear model and network 3 deviate in the same
direction, i.e. for a specific strip, both models predict a
finishing temperature that is either too low or too high.

The neural network is capable of handling different
(non-linear) dependencies in' different areas of the input
space. Therefore it is not possible to illustrate the depend-
ence of the finish temperature on a particular input pa-
rameter in a simple manner. To circumvent this problem,
and to illustrate that the neural network is indeed capable
of handling different dependencies, 4 typical reference
strips were chosen and for these strips the influence of the
input parameters on the predicted finish temperature was

Table 3. Curve fit equations for the linear approximation of the influence of the

input parameters on the Ty predicted by network 3

Predicted Tf7, °C
[--]
-1
w

850

825 |- e S - - . \
850 860 870 880 890 900 910 920
Tf7bas, °C

930
Figure 6. influence of Ti7hase on the predicted Ti7

determined. The input characteristics (in terms of low,
medium and high) of these reference strips are given in
table 2.

In the next section the influence of five of the input pa-
rameters on the predicted finishing temperature will be
discussed in more detail. These five input parameters are:
Ttrbase, Hr1, T, CF and RSH. The influence of the re-
maining three input parameters (Vr7, Hre and MIF) is
summarised in table 3.

For each reference strip, just one input parameter will be
varied, keeping the others at their set value. In the lineai
model, all eight input parameters (Tt7base, V7. Hrr, Tv1.
Hre, MIF, CF and RSH) are approximated as linear. This is
not the case for the neural network models
However the dependencies found can be
approximated as linear. The resulting linea

reference | reference 2 reference 3 reference 4 least squares curve fit equations are summa-
Tribase| ¥ = 442.5 + 05X |7=4893+ 04X |Y=4284+05X |/=4172+05% |  fised in table 3 to allow direct comparisor
R = 0.9994 R =1.0000 R=09910 R =0.9888 with the linear model. The accuracy of the fit
Ve |r=860.0+ 123:X|v=854.4+9.9:% |y=850.0+ 112 |y=857.5+10.1x|  expressed with the R-value is also given.
R =099 R=0,9998 R = 0.9997 R =10 9985 Figures 6 to 10 show the influence of the
- five input parameters (7t7hase. Hf7. 771, CF
Hp |Y=8785+16.9-X|Y=868.1+29.1-X|Y=877.3 + [3.7-X |V =863.9+6.8-X and RSH) on the finishing temperature Tty
R=09194 R=0.95% R =0.9006 R=03491 predicted by network 3, for the 4 reference
M Y=8698+0.5X |Y=8622+05X [Y=868.6+0.6X |Y=869.1+0.6-X strips. Also included in these figures is the
R =0.9700 R=10.9997 R =09969 R =0.9989 input parameter dependence used in the linea
Hrg |Y=8793+24.X |¥=867.6+07X |Y=876.7+1.6X |Y=867.0+1.7X model.
R =0.9992 R=0.9977 R=0.9999 R =1.0000 Figure 6 shows the influence of Ti7base. Th
CF  |¥Y=892.1-107-X {¥=903.1- 138X [Y=901.0-14.2:X [V=891.4-13.5X curves are fairly linear for all reference strips
R = 09736 R =0.9867 R =0.9920 R = 0.9945 Those of strip 3 and 4 are slightly non~!inear
MIF |Y=883.1-17.8:X |Y=881.3-162:X [y =8825- 13.2: |V =873.9-3.2:X however the curvature of these curves is sta
tistically insignificant. The slopes of th
R =0.9993 R=0.9934 k=09935 R=08130 curves are more or less equal, with an averag,
RSH [¥=876.1 +249X|Y=867.1-8.00X 1Y=876.6+37.3X1V=280669+388X value of 0.5, half the value of the linea
R =0.8898 R =0.5489 R=0.7497 R =0.54459 model.
24
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Figure 7. Influence of Hr7 on the predicted Ti7

A higher base temperature will result in a higher strip
temperature after the last finishing stand. Both linear and
neural network model predictions are in agreement with
this statement.

Figure 7 shows the influence of the strip thickness after
the last finishing stand on the predicted Tt7. In this figure,
also some experimental Tf7 data are plotted for steel strips
with similar characteristics of strip 1. Clearly, the depend-
ence of Tr7 on Hy7 is sometimes non-linear. The curves of
reference strips 1, 2 and 3 have the same shape and can be
approximated as linear with reasonably accuracy. This is

925

Predicted Tf7, °C

3 e §25— . - —
-60 -40 -20 0 20 40 60
Tfl, °C

Figure 8. Influence of Tf1 on the predicted Tt
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Figure 9. Influence of CF on the predicted Tt7

not the case for reference strip 4. However, the measured
Tty is almost independent of the strip thickness after the
last finishing stand for the range of input data. The influ-
ence of the Hy7 predicted by the linear model is somewhat
higher. A useful comparison of the linear approximations is

not possible, because influences predicted by network 3
were non-linear.

It is expected that the predicted Ty7 will increase with in-
creasing Hr7. Therefore, the prediction for reference strip 4
can not be correct. A possible explanation for the decrease
in Tr7 with increasing He7 could be the correlation between
Hrr, Tr1, and CF.

The measured Ty for strips with similar characteristics
as strip | were also plotted to validate both linear model

900 ~‘
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Predicted Ti7, °C
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r ; poecemmr GRS + T 1
008 006 -0.04 002 000 002 004 0.06 0.08
RSH

Figure 10. Influence of RSH on the predicted Ty
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and network 3. The extensive database however did not
contain strips with exactly the same characteristics except
for Hr7. Therefore, no general trend could be deduced from
the plotted points. It is, on the basis of this figure, impos-
sible to compare the predictions of both models with the
measured data and to conclude which model is best.

The dependence of finishing temperature on the calcu-
lated temperature at the first finishing stand (771), can be
approximated as linear with high accuracy (figure 8, table
3). The difference between the slopes for the different
reference strips is minimal, with an average value of 0.5.
Again this is approximately a factor 2 lower than that of
the linear model.

A higher temperature at the entrance of the finishing
train {771) should result in a higher temperature at the end
(Tt7). Both the linear model and network 3 comply with
this expectation.

The cooling factor (CF) has a non-linear influence for all
reference strips, figure 9. The shape of the curves for strip
2, 3 and 4 is the same; the non-linearity is higher for strip
1. All influences can be approximated as linear with rea-
sonably high accuracy with approximately the same slope.
The average value of -13 is almost a factor 2 lower than
that of the linear model.

At CF values lower than 2.5, both models predict the
temperature at equal levels. At higher values of CF, the
influence predicted by network 3 levels off and conse-
quently the influence predicted by the linear model will be
lower. Both models agree with the expectation that a
higher temperature loss will result in a lower temperature
after the last stand, 7¢7.

Figure 10 shows the influence of the relative strip hard-
ness. For all reference strips network 3 predicted a non-
linear dependence of Tr7. Especially the R-values for the
linear approximation for reference strips 2 and 4 is very
low (0.54). The linear coefficient for reference strip 2 is
negative while that of the others is positive. However, the
variations of 777 on RSH were all within the statistical
error. The RSH did not have a very strong influence on the
finish temperature T7. Clearly, a comparison with the
linear coefficient of the linear model does not make any
sense.

Conclusions

The relative standard deviation in the prediction of the
temperature after the last finishing stand in a hot strip mill,
Tt7 by a neural network with 7 hidden nodes is just over
25% better than that in the prediction of the linear model.
Even for its outliers, the predictions of the neural network
model are better than those of the linear model for the
same strips.

The linear approximations in the linear model scem ac-
ceptable for most input parameters. However, the neural

network indicated that the dependence of 77 on Hfy, CF,
and RSH might in fact be non-linear. The influence of the
other 5 input parameters (Tf7base, V7, Tr1, Hre, MIF) on
Tr7 can be approximated as linear with high accuracy.
However, even for these input parameters, a small devia-
tion from the linear approximation is accounted for by the
neural network. The difference in the accuracy (s and av-
erage mean error) in prediction of the finishing tempera-
ture between the neural network model and the linear
model may be explained by the incorrect assumption of
linearity between finishing temperature and Hr7, CF and
RSH respectively.

On average, the linear approximation of the functional
dependencies found by the neural network is a factor 2
lower for all input parameters.

The overall conclusion is that neural networks are suit-
able for the prediction of the temperature after the last
finishing stand and result in a smaller standard deviation of
the recalculated finishing temperature than the present
linear model. :

Application of artificial neural networks for a set-up cal-
culation can be done by applying a suitable adaptation
procedure. In view of the fact that the standard deviation in

the

recalculated finishing temperature can be reduced

significantly using artificial neural networks, smaller op-
erational fluctuations may be possible.
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