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Development of predictive oxygen
delignification models using kinetic
expressions and neural networks
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ABSTRACT: Two different methods are used to simulate the oxygen delignification reaction in a cellu-
lose mill. One is a kinetic model that is based on models found in the literature. The other is a neural network
model developed from a series of training set patterns with usual process variables as inputs and delignifi-
cation reactor outlet kappa number as output. These models are a useful tool for cellulose mills once they
can be applied to process simulation, optimization, and control. Moreover, different operational conditions
can be tested without changing the production. Limits can be established for the main process variables so
that the mill can be controlled economically without product quality loss. This study indicates that the neural
network and the kinetic models present equivalent results.

Application: The models evaluated in this study may help pulp mills pretest various process variables.

To comply with environmental regula-
tions, oxygen delignification was
introduced in pulp mills in the 1970s.
Oxygen delignification can reduce waste-
water effluent chemical oxygen demand
(COD) by 50% and biological oxygen
demand (BOD) by 25%-50%, while reduc-
ing costs and bleaching chemicals
amounts [1-3]. This process became pre-
dominant in modern pulp bleaching
plants over the last few decades. It is
expected to continue its growth as an
essential part of most elemental and totally
chlorine-free bleaching sequences [4].

Oxygen bleaching is a heterogeneous
reaction occurring in a system comprised
of fiber, alkaline solution, and oxygen.The
reaction kinetics depend on reaction tem-
perature, oxygen pressure, and alkali con-
centration [1,3-7]. The effects of process
variables on oxygen delignification rates
were first investigated by Hatler et al in
1970. Since then, several authors pro-
posed models suggesting modifications,
considering mass transfer phenomena [1-
3] and fast, slow, or nonexistent lignin
reaction [5-7]. None of them, however,
presented an industrial application that
would show the industrial efficiency of
models on both simulation and control.

This study proposes kinetic models
adapted from previously published equa-
tions to describe the process of an indus-
trial delignification plant. It also proposes
a neural network model for the same
industrial delignification plant.

The ability to recognize and reproduce
cause-effect relationships through train-
ing and filtering noise or irrelevant data,

and working with multiple input and
multiple output vectors, make neural net-
works efficient in representing nonlinear
systems [8-11].This model offers an alter-
native to the kinetic models, emerging as
an easy and useful industrial simulator.

KINETIC MODELS

In 1988, Hsu and Hsieh [1] published a
model in which the delignification reac-
tion was divided into two stages. At first
the authors fitted the experimental data
into the empirical model in one stage and
obtained a high reaction order on the
kappa number. Then, they suggested that
this high reaction order can be caused by
the sharp decrease of the delignification
rate during the run and fitted the experi-
mental data using the two-stage model:
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The unit step function was used to imply
that in the first 2 min of reaction time, the
kinetic equation was described by the first
term and during the rest of the reaction time
it was described by the second term [1].

Agarwal et al [3] proposed a model in
one stage, maintaining the high reaction
order on the kappa number:
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The authors also discussed the issue
of the high reaction order on the kappa

number. They brought up Sch66n’s model
[12], which pointed out that similar situa-
tions occur in petrochemical processing
where high reaction rate orders were
observed. These were explained in terms
of many parallel first order reactions
taking place simultaneously during hydro-
desulfurization and hydro-denitrogenation
of oil.

Agarwal et al. [3] concluded that mass
transfer resistances are not responsible for
the observed high order, which was
explained in terms of lignin moieties hav-
ing different first order reactions. Appling
Schoon’s model and considering a great
number of parallel first order reactions,
Agarwal et al.improved their results greatly.

The last kinetic model selected for this
work was proposed by Violette [4] in his
doctoral thesis. The hypothesis of the
investigation was that oxygen radicals
may be trapped with relatively low
amounts of additive radical scavengers if
they are concentrated at the cellulosic sur-
faces, thereby acting as protective barriers
for the cellulose.To evaluate his hypothe-
sis, Violette did not use oxygen on his
reactor, suggesting a kinetic model that
did not considered the oxygen influence
on the reaction.

Violette [4] used nitrogen instead of
oxygen on his experiments and proposes
a model using a corrected kappa number.
Once this work is modeling an industrial
delignification reaction, Violette's kappa
nmber correction is not applicale. We will
consider, then, Violette's model without
any kappa number correction, as shown
in equation 3.
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network.
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Each of the three models has its own
particularities, but all are in agreement
that the reaction order on the kappa
number is high. In Agarwal’s model, the
reaction order on the kappa number is
doubled in relation to the other two
models.The absence of the oxygen influ-
ence in Violette’s model may make it use-
ful for use by an industrial plant to dis-
cover if there is excess oxygen in the
process.

All three models had their parameters
(kinetic constants, activation energy and
the reaction orders) adjusted in order to
fit industrial data. Once there was no lab-
oratory reproduction of the reaction,
these parameters were obtained using a
heuristic optimization algorithm. This
method searched for parameter values
that would provide minimun error
between the predicted kappa number
and the industrial unit actual kappa num-
ber.Genetic algorithm (GA) was chosen
to adjust the kinetic model parameters.

To evaluate the alkali consumption,
we propose a mass balance (Eq.4) on the
reactor, which considers the alkali flow
and the rate of alkali consumption.
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The rate equation for the alkali con-
sumption is given, according to Violette’s
model, by Eq. 5.
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Or, the rate of alkali consumption is a
function of kappa number variation and
the remaining alkali amount.
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2. Neural network structure.

NEURAL NETWORK MODEL
The ability to learn from examples is one
of the most distinct characteristic of the
artificial neural networks. That justifies
the choice of a neural network to model
the relationship between process vari-
ables and final product characteristics in
complex systems. The model using this
method may be developed by using vari-
ables that are familiar to mill personnel
and easily accessed as inputs, instead of
parameters that are ordinarily measured
[9-11].

Neural networks are computer pro-
grams that simulate the learning process
of the human brain, in a tentative step
toward imitating human intelligence.
They are composed of neurons - process
elements - that are highly interconnect-
ed. In the artificial brain, the neurons are
set in layers and may be connected to
neurons of the same or different layers
through weighted summations and acti-
vated functions of different kinds [8-11].
Figure 1 illustrates a typical neuron.
Figure 2 presents a neural network with
three fully interconnected layers.

The ability to learn the input-output
relationship is conferred to the network
by the training set. A series of training
patterns (input-output sets) are fed to
the net and the neurons weight are
adjusted to minimize the error between
the given output and the net output [9-
11]. The error is back-propagated
through the net layers, altering weights
of each connection proportionally. There
are several back-propagation training
algorithms available in the literature. The
one used in this study is the generalized
delta rule algorithm, a kind of gradient
descent method that minimizes the sum
of squares residual [9,11].

The net developed in this work is
feed foward - meaning that the neurons
signals are sent to the following layer -
with one hidden layer. The activation
function used was the sigmoid function.

Ordinary industrial process variables,
expressed in mill regular units, were used
as inputs to the net.

DATA ACQUISITION

This project was created to improve
operations at Klabin’s Celulose e Papel -
Unit Monte Alegre delignification plant.
Process data from January to July of 2005
were obtained from the industrial unit
using process information software.
Statistical treatments were applied to
avoid errors and to assure that the col-
lected data effectively represented the
process being analyzed.

A total of 811 process variables pat-
terns were used to adjust the proposed
models. The patterns consisted of inlet
kappa number, temperature, pulp pro-
duction, reaction time (calculated using
pulp production and reactor volume),
alkali concentration and flow, oxygen
flow and pressure, and consistency as
inputs; all models predict the reactor’s
outlet kappa number.

The same variable patterns were
applied for both kinetic and neural net-
work models and their units are compat-
ible to that indicated by each kinetic
model. For the neural network model,
data were normalized and divided into
training and validation sets. All the kinet-
ic models were integrated using the
fourth-order Runge-Kutta method. The
results presented for both kinetic and
neural network model correspond to the
results obtained for the validation set
(405 patterns).

RESULTS

Figure 3 presents the results obtained
with the adjustment of the Hsu and
Hsieh model (from now on referred to as
Model 1).The reaction orders were kept
constant, but the activation energy, not;
Arrhenius frequency factor, and the alka-
li consumption parameter Q of Eq. 5
were varied using GA to fit the industrial
data. The resulting kinetic equations for
Model 1 are:
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Where Eq. 7 represents alkali consump-
tion for the first 2 min and Eq. 8 repre-
sents the alkali consumption for the rest
of the reaction time.

Differences between the predicted
and the actual kappa number did not
exceed 8.4%, which is comparable to the
error values found in the literature. The
alkali concentration was not available, so
we had to use average values.

The results using Model 2, which is
based on Agarwal’s model, were worse
than the ones obtained with Model 1.
Once again, the parameters were adjust-
ed using GA and the reaction orders were
kept as proposed by the authors.Agarwal
et al. used a higher reaction order on the
kappa number, so we applied Schoon’s
model to improve their results.

In a tentative of improvement of
Model 2, the reaction order on the kappa
number was varied with the other param-
eters.The value obtained for the reaction
order on the kappa number is very simi-
lar to the equivalent reaction order of the
other models.This result showed that, for
this particular process, the reaction order
on the kappa number must be set on the
interval [3, 4].The resulting kinetic equa-
tions for Model 2 are:
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The predicted kappa number presents
a slight difference from the actual pulp
kappa number (Fig. 4). However, the val-
ues used for alkali concentration are not
as accurate as desirable for modeling.
Relative errors are around 8.3%, which
means that Models 1 and 2 are equiva-
lent.

For Violette’s model (from now on
referred as Model 3), GA adjustment was
applied to vary activation energy,
Arrhenius frequency factor, and the alkali
consumption kinetic parameter. Figure 5
shows the results obtained; the resulting
kinetic equations are:
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3. Comparison between kinetic model
1 results and the actual delignification
plant outlet kappa number.

4. Comparison between kinetic model
2 results and the actual delignification
plant outlet kappa number.
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5. Comparison between kinetic model
3 results and the actual delignification
plant outlet kappa number.
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Model 3 presents a predictive quality
comparable to the other two models.The
benefit of this adjustment is its possible
use to indicate excess oxygen in the
reactor. Relative errors are around 9.3%,
which is not significantly higher than the
Model 1 and 2 errors. Model 3 can also
be improved with more accurate alkali
concentration values, but further investi-
gation is necessary to confirm oxygen
€XCess.

All three models provide kappa num-
ber and alkali consumption profiles.
These profiles are useful to analyze the
reaction quality, making it possible to
evaluate alkali excess and to identify the
first stage of delignification, where there
is a sharp decrease in the delignification
rate.

When it comes to the neural network
model, several network architectures
were tested. We varied the number of
neurons on the hidden layers and tried

6. Comparison between neural net-
work output and the actual delignifi-
cation plant outlet kappa number.

different combinations of inputs. The
final network structure consists of five
neurons on the hidden layer and five
inputs (inlet kappa number, temperature,
oxygen and alkali flow, and pulp produc-
tion). The results obtained are logically
better, with relative errors around 6.3%.
This result was expected; neural net-
works are prepared to learn the process
and to reproduce it accurately. Figure 6
presents a comparison between the pre-
dicted and the actual kappa number.

Concluding Remarks
Both models—kinetic and neural net-
work—produced similar results, with rel-
ative errors on the same order of magni-
tude. These results indicate that the neu-
ral networks can be used for simulation
and for process optimization when the
system is partially known.It can be devel-
oped using only process variables and
therefore does not require previous
knowledge of kinetic or mass transfer
parameters.

On the other hand, kinetic models
provide a better process interpretation
and they are valid for a wider range of
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operational variables, while the neural
network is accurate only in the training
region.

All of the presented models offer the
benefit of a simulation program, assisting
decision making on process policies
according to the desired product charac-
teristics. The models enable mill person-
nel to correct the process before unde-
sired pulp grades are produced. It can
also be a useful tool for operators and
engineers training. Td

NOMENCLATURE
K = kappa number
t= time, min
k = Kkinetic constants
Ea = activation energy, kJ/kmol
R = gas constant, 8314 kJ/kmol*K
T = temperature, °C for Model 1 and K
for Models 2 and 3
[OH] = alkali concentration, kol/m?® for
Model 1 and g/L for Models 2
and 3
P_, = oxygen partial pressure, kPa
' ki somiion = AlKali solution flow, I/min
V = reactor volume, for Model 1 and
for Models 2 and 3
d = Alkali consumption kinetic
parameter
AK = kappa number variation.

Subscripts are

1,2 = first and second reaction stages,
respectively

i = initial condition.
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INSIGHTS FROM THE AUTHORS

We first became interested in cellulose and paper
research in 2004 when we started to develop kinetic
and neural network models for this research field.
We've been working with models since 2002; working
with cellulose opened a new research area for us.

During our current research, our main difficulty was
data acquisition, since the mill was 300 km (more than
180 miles) away from our research laboratory. We had
to be very careful during data collection to avoid hav-
ing to make several trips.

During this research, we discovered that we really
enjoyed working with cellulose-we are now developing
new projects in this field. That was the most surprising
thing for us. We were used to working with models for
any process, and now we're devoted to delignification
and bleaching research.

6 TAPPI JOURNAL MAY 2006

Overall, we feel that models are very
useful for mills. From mill personnel
training to savings of reactants, this
work presents options for how the
results can be used. The next step is
the bleaching plant-that is, to model
the bleaching stages kinetically and

with other techniques.
Yamamoto
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