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N THIS PAPER, WE PRESENT AN

approach to quality prediction

in the context of the paper-

making process, where deter-
ministic models are unlikely to be
available. Clearly, if a deterministic
model exists that predicts a particu-
lar quality metric as a function of
plant settings, that model should be
used. Where rules are known that
allow plant settings to be optimized,
these should be used for decision-
making or to provide automated
plant control. In most examples of
paper quality measures, rules and
deterministic models are either
nonexistent or incomplete. Artificial
neural networks and multivariate sta-
tistical analysis provide means
whereby data from previous plant
operation may be used to build a
“model,” based not on detailed
knowledge but on past experience.
As this paper will show, any expert
knowledge that exists should be
included in the model-building
process, but the model is fundamen-
tally data-derived and is not the prod-
uct of expert knowledge.

We describe the application of
artificial neural network (ANN) tech-
niques to the papermaking industry,
particularly for the prediction of
paper curl. Put simply,ANNSs are non-
linear modeling tools that can be
applied to tasks involving nonlinear
data. An example of such a task is
function modeling, whether that is a
discriminant function in a classifica-
tion task or a regression function in a
process modeling task (7). Such
function modelers can be used for
prediction problems. In practice,
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plant operators generally want three
separate predictions:

» Is this roll of paper likely to be
out of specification?

* If so, how badly is it out of speci-
fication?

* If I change some variable setting,
will this out-of-spec. condition get
better or worse?

We present parameters that char-
acterize the current paper reel as
inputs to a neural network and build
a model so that a prediction can be
made regarding whether the result-
ing level of curl will be within a
required specification (i.e., in specifi-
cation) or not—a classification task.
In parallel, we present these same
data to another network and form a
model to predict the absolute level
of curl,i.e., a regression task. Perhaps
most importantly, we also put these
two predictions in context by includ-
ing confidence measures at every
stage, thus providing the machine
operator with a powerful and
insightful tool. The machine operator
is then presented with a red-
light/green-light indication of paper
acceptability, a neural regression
model in which the parameters can
be altered to reduce curl if necessary
and a clear indicator of the reliability
of both diagnostics.

Paper curl is a long-standing
problem that has received much
interest in papermaking research,
where the causes of paper curl have
been studied (2) and where attempts
have been made to control curl using
heuristic techniques (3, 4). Paper

ments can be made to the machine
and paper characteristics to maxi-
mize yield and reduce waste. There-
fore, from characteristics of the cur-
rent reel, we predict (a) whether the
paper curl will be acceptable and (b)
the level of curl. For both cases, we
include confidence intervals. The tech-
niques described in this paper are
widely applicable to an industry
where direct prediction of a quality
measure and its acceptability are
desirable, with a clear indication of
prediction confidence.

Application:

This paper provides a methodology
for applying neural network tech-
niques to the task of predicting qual-
ity measures. Such an approach is
appropriate when exact deterministic
physical models are not available,
while data examples of plant settings
and the resultant quality are.

curl reduces the quality of paper and
is detrimental to the papermaking
process at every stage of manufac-
ture. In addition, it affects the cus-
tomer, being the most common cause
of sheetfeeding problems in nonim-
pact printing processes such as photo-
copying and laser printing (5).

Curl is simply the tendency of
paper to depart from a flat form and
is affected by a number of complex,
interrelated factors, including differ-
ing drying rates on the two sides
of the paper during manufacture,
relative variation in humidity or
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moisture within the sheet, and
mechanical stresses within the
fibers. Additionally, a number of dif-
ferent modes of curl are recognized,
e.g.,inherent curl and curl occurring
as a result of changes in the sur-
rounding environment.

Traditionally, paper curl has been
controlled with limited success
using variation in the dryer tempera-
tures or humidity levels. However,
because it may only be measured off-
line after an entire roll has been pro-
duced, control of curl is difficult and
costly. Curl is therefore a significant
problem to the papermaking indus-
try. Although out-of-specification
paper may be repulped and recycled
in limited quantities, significant curl
wastes plant time, engineering time,
and energy. Our aim is to develop a
reliable model that can be used in
decision support to render such
waste “virtual,” producing out-of-
specification paper only in simula-
tion. This, of course, is an ambitious
goal.

As previously mentioned, ANNs
are nonlinear modeling techniques
that can be applied to the problem
of predicting paper curl. These tech-
niques are essentially a means of
mapping a set of input—output vec-
tors that have some nonlinear rela-
tionship. This is carried out using a
set of internal parameters, or
weights, that are adjusted, during
“training,” to encapsulate the rela-
tionship underlying the data vectors.
In the case of paper curl, if there is a
deterministic process causing the
paper to curl and if we can select a
number of parameters describing a
reel of paper and its production that
are related to this process, then by
presenting examples of these para-
meters and the resulting curl to the
network and adapting the internal
parameters, we can develop a model.
A more in-depth and rigorous discus-
sion is provided in the literature (1).
Importantly for this work, in a previ-
ous study (6), Myles showed that
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there is a nonlinear relationship
within the paper curl process and
that more conventional linear mod-
eling techniques provide only lim-
ited solutions. Therefore, in our
research, we use a multilayer percep-
tron (MLP) neural network for the
modeling task.

Neural networks, therefore, may
provide a solution to the difficult
problem of predicting paper curl.
The advantage of the neural network
approach is that the user is not
required to know the relationship
underlying the data to solve the
problem. The neural network can
effectively encapsulate that relation-
ship during the training process in
its internal parameters.The disadvan-
tage of the approach is related, in
that there is the perception that at
the end of training, the user still does
not know what the relationship is.
That is, the neural network solution
is perceived as an impenetrable
“black box.”

In this paper, we seek to address
this issue by maximizing the infor-
mation available to the operator. It is
already clear that there is no simple
solution to the problem of paper
curl. While the neural network may
provide a solution, it will never be a
simple one and it may only be a par-
tial one. By providing the machine
operator with (a) predictions of
whether curl will be in specification,
(b) an indication of the level of that
curl, and most importantly, (¢) a mea-
sure of how confident the network is
about the predictions, the operator
can judge when to make adjust-
ments to the process and can know
when the neural network cannot
provide an accurate prediction.

In this paper, we describe the
development of neural network
models to encapsulate the nonlinear
processes underlying paper curl. The
results show that such models are
able to reliably predict whether a
roll of paper is likely to exhibit curl
at a level less than or greater than

some specified value, from parame-
ters characterizing a reel of paper. In
addition, models can be developed
that are able to predict the absolute
level of curl, with a sufficient level of
accuracy to be useful in practice.
These models can be used as power-
ful tools for reducing paper curl,
thus enhancing quality and reducing
waste.

In the following sections, we
describe the database as well as tech-
niques that we have used in prepro-
cessing and training the neural net-
work models. Results are then pre-
sented and discussed. In all of the
work described, in terms of process-
ing and modeling, the approach that
we take can be applied to any task
involving neural networks. Further-
more, these networks have been
developed in the context of an
imperfect data-collection process,
which is typical of that found in
many manufacturing operations; the
combination of techniques used has
particular relevance to such an envi-
ronment.

THE DATABASE

The database provided by Tullis Rus-
sell for the purpose of the work
described here has a number of limi-
tations, including missing records
and measurement errors. Not least in
this respect is the measurement of
curl itself. Although curl is a simple
quality measure, measuring curl is far
from trivial. While it would seem nat-
urally advantageous to measure curl
continuously, to date this has proven
to be impossible, as standard tech-
niques require the paper to be dried
under controlled conditions before
measurement (4). In addition,
removing paper during manufacture
is difficult due to the continuous
nature of the task (e.g., dryer timing
is related to machine speed) and
risky due to the danger of a paper
break during the process.

Therefore, at Tullis Russell, curl is
measured after individual reels have



been manufactured, leading to out-of-
specification reels being scrapped
(eventually to be recycled as broke),
and a retrospective adjustment is
made to machine settings according
to unwritten heuristic rules devel-
oped by the skilled operators. The
curl measurement is made using a
sample of paper taken from the end
of a reel and by cutting a cross shape
in this sample using a template. A
glancing-angle light source is then
used to cast a shadow on the curling
paper at the center of the cross. After
a few minutes have lapsed to allow
the paper to relax, the shadow is
measured by hand and quantified to
5-mm intervals.

Unfortunately, there may be
errors in the measurement due to
quantification, operator errot, paper
misplacement, or failure to allow for
sufficient relaxation time. Variability
in the accuracy of curl measurement
could lead to significant model error
(7), and while we are developing an
improved curl-measurement system,
for the study reported in this paper,
the limitations of the database are
taken as an additional constraint on
the modeling process.

Various parameters are measured
prior to and during the manufacture
of a reel of paper. A previous study
(6) considered which parameters
could be used to estimate curl. In our
study, the choice was made pragmat-
ically, considering data availability.
The effectiveness of parameters in
curl prediction was taken as a sec-
ondary issue. The final selection of
parameters was as follows:

1. Softwood, %

2. Broke, %

3. Power used to process hard-
wood—refiner 1, KW

4. Power used to process hard-
wood—refiner 2, KW

5. Caliper (paper thickness) at the
paper machine, um

6. Ash content, %

7. Moisture content at the paper
machine, %
. Porosity measurement, mL/min
9. Difference between surface
moisture levels after top-coat
application, %
10. Paper grade (one of three).

o]

These parameters were used to
(a) classify whether the current
process settings and paper specifica-
tion would lead to curl that was
within a required specification and
(b) indicate the level of curl that
would result. The preprocessing of
these data is described as follows.

PREPROCESSING AND TRAINING
The task of training a neural network
is not as straightforward as simply
presenting the raw data to the net-
work and obtaining a solution. In a
companion paper (8), we describe
in detail our approach to preprocess-
ing the Tullis Russell raw data and
training the neural network models.
Here, we merely summarize that
work. First, there is a need to com-
bine the symbolic (e.g., paper-grade)
and real data elements in a way that
avoids putting any undue weighting
on an individual parameter. Second,
nonlinear optimization schemes,
used for the purpose of training the
neural network, perform dramati-
cally better if colinearity in the data
used for training is first minimized. A
common technique for doing this is
to extract the principal components
of the data and to use these compo-
nents to train the neural network
models (7). The purpose of prepro-
cessing the data is therefore to
encapsulate all the information in
the raw data set and to transform the
information into a form that will
maximize the potential of the neural
network models.

Our approach to training the net-
work uses state-of-the-art theory,
where the networks, data, and pre-
dictions are all incorporated into a

probabilistic framework.As such, net-
work predictions are part of a proba-
bility distribution, where the predic-
tion is the mean and there is an asso-
ciated variance (9). This approach is
important as the predictions, whether
they be of actual curl levels or a prob-
ability of curl being out of specifica-
tion, can be qualified with a confi-
dence measure related to the vari-
ance of the distribution.

We will later return to the issue of
confidence measures, noting that, as
previously mentioned, one of the
criticisms leveled at ANNs is that
they can be seen as black boxes; hav-
ing a measure of prediction reliability
can reduce this perception. In addi-
tion, rather than using a single model
for the classification and one for the
regression task, here we use a com-
mittee of networks for each and com-
bine the outputs to improve perfor-
mance (). In terms of preprocessing
and training, therefore, a number of
steps are carried out to achieve the
modeling task. In the following sec-
tion, results of experiments carried
out using the trained networks are
presented.

RESULTS

This section describes the results
obtained from the neural network
models that were trained to classify
the current state of the manufactur-
ing process as leading to out-of-spec-
ification paper in terms of curl and to
predict the absolute level of that
curl. All the results shown are test
results, i.e., the performance of the
models on previously unseen data.

Out-of-specification classification
In this experiment, 40 networks
were trained to classify the current
paper characteristics as leading to in-
specification or out-of-specification
paper. For the purpose of this exper-
iment, a level of curl less than 20 was
used as the limit of acceptance. This
level was chosen as typical. Different
grades of paper have different

VOL. 82: NO. 7 TAPPI JOURNAL 147



PROCESS CONTROL

12 ——— Probabity curl <20 - - - - 68% confidence
Test data (0,1) intervals

PROBABILITY

1. Variation in the predicted probability of the curl being less than 20 for all the cases in
the test data set.The test data are sorted for increasing levels of curl.
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2. Variation in the absolute value of curl as predicted by the committee of networks and
additionally as measured at Tullis Russell and contained in the test data set.The test
data are sorted for increasing levels of curl.

acceptability levels. The results of Fig. 1, which depicts a classification
these experiments are shown in error rate of 18.92%. The test cases

1 48 TAPPI JOURNAL JULY 1999

are sorted into increasing levels of
curl, and Fig. 1 shows that the major-
ity of the errors (where the classifi-
cation boundary is set at a probabil-
ity of 0.5) occur at the center of the
graph, i.e., for cases where the mea-
sured curl is 20 or near 20.The graph
also shows 68% confidence intervals.
Clearly the networks have been able
to classify the cases to a usable
degree of accuracy.

Curl prediction
In the previous section, the classifi-
cation results were presented. Figure
2 shows the results for 40 networks
that were trained to predict the
absolute level of curl and were tested
on the same data set as that shown in
Fig. 1. Clearly the model has encap-
sulated the trend underlying these
measured data, although with some
imprecision. The prediction of
extremely high levels of measured
curl is poor. This is perhaps due to
this part of the model being under-
represented in the database (note
that the data are densest for low
curl) or the fact that the process is
different for levels of curl greater
than 40. In practice, however, some
accuracy in the critical 10 < curl <
30 region is most important, and the
predictor achieves adequate accu-
racy in that critical regime.

The prediction of curl is therefore
possible to limited but usable accu-
racy using the database provided and
a neural network model. In addition
to the curl prediction, Fig. 2 also
shows 68% confidence intervals for
those predictions. These intervals are
discussed in the following section.

CONFIDENCE MEASURES
In the previous section, results were
presented showing that paper curl
can be modeled using neural net-
work techniques to a useful accuracy.
In the experiments, test data were
used to assess the models. While the
data were previously unseen by the
model during training, they were
however taken from the same
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3. Variation in the predicted probability of curl being less than 20
as the surface moisture variable changes. Also shown are the
data points in that dimension and 68% confidence intervals.

database as the training data.In a real-
world situation, data presented to the
model by the operator will represent
a further, and perhaps more difficult,
test, where it is impossible to have a
quantitative measure of prediction
accuracy without making the paper
and measuring curl in the usual way.
Therefore, at this stage, we require a
measure of how confident we are in
any prediction to prevent the opera-
tor from having to use the predic-
tions blindly as if from a black box.
To assess the models and confi-
dence measures, experiments were
carried out by varying a single para-
meter while holding the others con-
stant and by noting the prediction
and confidence intervals. This was
done for two parameters—surface
moisture difference at the coating
machine and caliper—noting that
physically adjusting caliper is not fea-
sible. However, here we are inter-
ested in the confidence intervals and
how they react rather than in any
physical interpretation. The original
values of the parameters were 8.8%
and 383 um for the surface moisture
difference and caliper, respectively.
The results of the experiment for
the classification case are shown in

Figs. 3 and 4. In addition to the pre-
diction, the graphs also show 68%
confidence intervals and training set
data in that dimension. The confi-
dence intervals relate to the certainty
of the prediction—effectively stating
that probabilistically, for the same
inputs and 68% of the time, the pre-
diction will be between these bound-
aries and will most likely be at the
prediction level indicated. In other
words, the wider the bounds, the less
certain of the prediction we are.
The graphs clearly show that as
the parameters are adjusted, there is
a change in the output prediction
and, in addition, that as the parame-
ters exceed (positively or negatively)
the bounds of the training data, the
confidence intervals widen. Clearly,
as this is a high-dimensional prob-
lem, it is unclear exactly how the
whole data set relates to the single
dimension shown; however, the
increasing width of the confidence
intervals is encouraging. In addition,
a physical interpretation of the
results would suggest that the greater
the caliper, the less likely it is that the
paper will exhibit curl and that as the
difference in the surface moisture
increases in either direction, so does

4. Variation in the predicted probability of curl being less than 20
as the caliper variable changes. Also shown are the data points
in that dimension and 68% confidence intervals.

curl. While these interpretations also
seem qualitatively reasonable, we
can tell nothing of the predictive
accuracy of the results—hence the
need for confidence intervals.

A similar experiment was carried
out for the regression networks (see
Figs. 5 and 6), and generally encour-
aging results are seen. However, in
the case of the caliper variation test
(Fig. 6), the increase in the width of
the confidence intervals is less
marked because caliper varied in the
positive direction. We believe that
the reasons for this are related to the
fact that outside the bounds of the
database, the model is undefined.The
confidence measure used to deter-
mine the 68% intervals used here is
based on a method that calculates
the uncertainty of the prediction due
to noise in the data and to uncer-
tainty in the model parameters. Gen-
erally, for this technique, the noise
associated with the data is assumed
to be constant, and any variation in
the intervals occurs from variations
in the parameter uncertainty.

For a part of the model that is
poorly defined, i.e., when it is being
used outside the bounds of the train-
ing data set, the prediction is
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5. Variation in the prediction of curl as the surface moisture
parameter changes. Also shown are the data points in that

dimension and 68% confidence intervals.

uncertain, and this should be
reflected in the confidence interval.
However, the confidence interval in
this case is also ill-defined and there-
fore inaccurate. While we have seen
in these experiments that outside the
bounds of the training data set, the
intervals generally widen, here we
see that they are also unreliable. This
is an area of ongoing work. We note
that where there is sufficient data,
the confidence intervals as described
are accurate and are an essential part
of the curl prediction tool. However,
further work is required to make the
intervals reliable in all circum-
stances. Following the approach of
Leonard et al. (10), we are consider-
ing incorporating a component of
the confidence measure that is
directly related to the density of the
data in the training set.

In summary, the work presented
in this paper shows that ANNs can be
used for predicting paper curl in the
papermaking industry. In addition,
we have shown that the perception
that a neural network solution is a
black box can be reduced via the use
of confidence measures. Finally, we
have developed a two-stage, decision-
support tool that offers a prediction
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6. Variation in the prediction of curl as the caliper variable
changes. Also shown are the data points in that dimension and

68% confidence intervals.

of the level of curl as well as a warn-
ing when a reel is likely to be out of
specification.

CONCLUSIONS
Paper curl is an important quality
measure in the papermaking indus-
try and is typical of many similar met-
rics for the following reasons:

 The underlying mechanisms are
not clear.

* The relationship between plant
setting and quality metric is non-
linear.

« Historical data exist for training
purposes, but data from the dis-
tant past is likely to be unrepre-
sentative of the current condi-
tions.

e Data are relatively sparse,“noisy,”
and often incomplete.

 Bad-quality paper wastes time
and energy.

* Any decision-support tool must
be simple to use and be trustwor-
thy.

In this paper, we have shown that
we can predict curl from parameters
that define the current characteris-
tics of a reel of paper and the plant

machinery using neural network
techniques. Specifically, we have
developed models that can be used
to predict (a) whether the character-
istics of a paper reel will be out of
specification with respect to curl
and (b) the likely value of curl that
will occur. In all the models, every
prediction has an associated confi-
dence interval to address the criti-
cism that the neural network solu-
tion is a black box.These results are
important in that they show how
ANNS can be applied to complex and
relevant practical problems in realis-
tic working environments.T)
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