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Abstract

The quality of the resulting pulping continuous digesters is monitored by measuring the Kappa
number, which is a reference of residual lignin. The control of the kappa number is carried out
mainly in the top of the digester, therefore it is important to get some indication of this analysis
beforehand. In this context, the aim of this work was to obtain a prediction model of the kappa
number in advance to the laboratory results. This paper proposes a new approach using the Box &
Jenkins methodology to develop a dynamic model for predicting the kappa number from a Kamyr
continuous digester from an eucalyptus Kraft pulp mill in Brazil. With a database of 1500 observa-
tions over a period of 30 days of operation, some ARMA models were studied, leading to the choice
of ARMA (1, 2) as the best forecasting model. After fitting the model, we performed validation with
a new set of data from 30 days of operation, achieving a model of 2.7% mean absolute percent er-
ror.
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1. Introduction

For the past years, the pulp mill engineers have faced the task of doing better with less. The process industries
face considerable control challenges, especially in the consistent production, high quality, stable operation and
more efficient use of raw materials and energy. Kraft pulping is a complex mix of nonlinear, multivariable and
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interactive chemical and physical processes. The pulp digester is one of the major unit operations in the pulp
mill and its proper control is very important to the all pulp production steps. Kappa number, which is the main
control variable, is sampled infrequently and usually long time delays associated with its measurements. Consi-
dering the long process time delays between many of the important variables affecting digester performance and
kappa number, an inferential model for this important measure would be very useful. In continuous digester, the
control of the kappa number is carried out mainly in the top of the equipment; therefore it is important to get
some indication of the quality beforehand. The residence time from the top to the bottom of the digester (where
kappa number is measured) is about 3 - 5 hours.

Forecasting plays a central role in the efficient operation of chemical reactors, as it provides valuable infor-
mation on the expected future direction of various factors. Modeling and identification are important parts of a
good control and fault diagnosis systems. In this work, inferential models for kappa number from a eucalyptus
Kraft pulp Kamyr digester are developed using the method of time series of Box & Jenkins [1].

2. Kraft Pulping

Among all the processes in the pulp industry, the delignification of woodchips plays the most vital role. The
continuous pulp digester is the equipment designed to convert chips into a cellulose fiber pulp. Lignin serves to
hold the cellulose fibers and other elements and binding them together into the anatomical structure of the wood.
Lignin is a complex, three-dimensional polymer containing mostly phenyl propane units joined together by var-
ious ether and carbon-carbon linkages. Lignin is susceptible to degradation and dissolution by treatment with
strong bases under elevated temperatures. Thus, lignin can be removed from the wood, leaving separated cellu-
lose fibers in the form of a pulp. The main quality parameter for the pulp is the Kappa number, which is a refer-
ence for the amount of lignin in the wood. During Kraft pulping, it is necessary to remove as much lignin as
possible with minimum loss or degradation of the carbohydrate groups. Aim of the Kraft pulping processes is to
deliberate the lignin by dissolving or degradation [2].

The pulping of the wood is accomplished by cooking them in a heated causticizing solution of NaOH and
NA,S, known as white liquor. The digester is essentially a tubular reactor, where chips flow from the inlet at the
top to the outlet at the bottom of the digester. The chip column is heated up by various circulation systems as it
moves downwards. It consists of some zones where the flow of white liquor is either in co-current or in coun-
ter-current with respect to the chips flow, dependent on the functional zone. A schematic overview of the diges-
ter and its functional zones is given in Figure 1.

In case of single vessel, pre-steamed chips and white liquor are fed into the continuous digester. At the top of
the digester, they are heated to reach the cooking temperature using direct steam. Temperatures in this zone are
around 120°C - 140°C, and pressure around 8 - 9 kg/cm?. In the impregnation zone chips are brought into con-
tact with a co-current flow of white liquor, starting the diffusion into the woodchips porous and the delignifica-
tion reaction slowly begins. In order to reach the required reaction temperatures, in the various zones part of the
white liquor flow is drawn off the digester. The white liquor is supplied through a system of concentric pipes.
After being heated in external heat exchangers, the white liquor flow is fed back into the heating zone for gradu-
ally heating the white liquor to the desired reaction temperatures (150°C - 160°C). The majority of the delignifi-
cation takes place in this section where the pulp Kappa number is drastically reduced.

A concentric pipe ending above the end of the cooking zone injects a relatively cold, washing liquor flow.
The temperature of the chips is reduced and the delignification reactions are quenched. The quench liquor is a
process flow coming from the digester, referred to as black liquor. In the washing zone, a counter current flow
washes the degradation products from the pulp. In the counter current region a large average driving force is
maintained between the chips and the washing liquor. A process flow referred to as dilution liquor is used as
washing liquor. In an actual digester, a part of the wash liquor is fed into the digester through the cold blow line,
which prevents caking of the pulp in the bottom of the digester. The temperature of the wash liquor has a large
influence on the pulp quality. As diffusion is favored by high temperatures, more degradation products are
washed from the pulp at higher temperatures. However, too high temperatures cause continuation of the deligni-
fication process, damaging the cellulose fibers structure producing a lower pulp viscosity. In the cooling zone,
part of the injected filtrate flow goes down and thus travels co-current with respect to the chips. At the bottom of
this zone, the outlet device is located.

The final cooking result (kappa number) is achieved from the digester blow line by using laboratory analysis
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Figure 1. Typical Kamyr continuous digester [3].

or an automatic device. So, long delays make it difficult to use feedback or feed forward control to change
process conditions.

2.1. The Kappa Number

The main control variable in a Kamyr digester is the kappa number, which represents a reference to the amount
of residual lignin in the pulp (and also a reference of leucochromophores groups). The primary control objective
for the digester is to produce pulp at a specified Kappa range, thus producing pulp of steady quality. The steady
blow line kappa number enables stability in the following parts of the fiber line. A high kappa number increases
the bleaching chemicals cost. On the other hand, a low Kappa number means damaging the cellulose fibers (af-
fecting pulp yield and strengths).

Controlling the digester is a difficult task because of the long time delays involved, non-linear behavior and
infrequent availability of process measurements. In a general way, Kamyr digester chip level poses a difficult
control problem, because the chip column dynamics are complex and it is difficult to measure the chip-liquor
interface. A good control of the chip level is required to smooth digester operations [4]. If a disturbance affect-
ing the Kappa number occurs, it will take at least one process dead time increased by the time required for anal-
ysis before the disturbance is detected.

In many digesters, the kappa number is measured off-line (although online analyzers are very common) using
TAPPI T236-85 method [5]. An accurate dynamical model of the process can be very useful for predicting the
future behavior of important process variables and can serve as the basis for developing an advanced control
scheme. On the other hand the complexity and the high nonlinearity of the reactor makes it difficult to build
models for estimating the kappa number in real time, using first principles or simple stochastic methods. An ac-
curate model however would be very desirable, since it could serve either as an inferential sensor for the kappa
number on-line estimation, or as the basis of a model-based control scheme.
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2.2. Kraft Pulping Modeling

The Kraft pulping process for both batch and continuous digesters has been modeled to various levels of com-
plexity. Optimal cooking conditions in the chip scale are well known. However, the usual problem is that the
optimal conditions in the digester scale cannot be ensured. Large dimensions of the process equipment, difficult
measurements and long residence time are the main reasons for this.

The development of rate expressions for Kraft pulping is complex by the heterogeneous nature of the system.
A variety of factors affect the overall reaction rate, among them are thermal factors, fluid dynamic factors, dif-
fusion characteristics of the liquor and chips, and the delignification reactions [6]. Modeling and simulation of
pulping processes has been used for predictive analysis, configuration changes, process optimization by virtually
changing combinations of process parameter settings, or simply for gaining better understanding of an existing
process.

The industrial statistical models approach is timely dependent, since it can quantitatively identify the dyna-
mics or physical properties of a process, using data obtained during actual production conditions. Different
models control in kraft pulping are widely avalaible in the literature concerning to kappa number prediction.
Among them, Alexandridis et al. [7] studied neural network methodology to develop a dynamic model for pre-
dicting kappa number either as inferential sensor or as a predictor of the future behavior of the process. Used
data points from a Kamyr continuous digester, whit the objective to control the kappa number in a simulated
continuous digester. Ahvenlampi and Kortela [8] studied a fuzzy clustering approach in the controllability of the
kappa number. The results showed the usability of the combined hybrid system in the monitoring of the process
and the kappa number prediction. Halmevaara and Hyotniem [9] developed a method using multivariate regres-
sion to capture the dependencies among the system parameters and quality measures of a double vessel conti-
nuous digester to softwood pulp through six operational variables of the digester.

The production of pulp for paper products has been a widely studied subject, especially concerning to soft-
wood aspects, but few are the references to kappa number prediction techniques concerning to hardwood pulps.

3. Box & Jenkins Methodology

The ability to forecast optimally, to understand dynamic relationships between variable and to control optimally
is of great practical importance. Much of statistical methodology is concerned with models in which the obser-
vations are assumed to vary independently. In many applications dependence between the observations is re-
garded as a nuisance, and in planned experiments, randomization of the experimental design is introduced to va-
lidate analysis conducted as if the observations were independent. However, a great deal of data in engineering
and industries occur in the form of time series where observations are dependent and where the nature of this
dependence is of interest in itself. The body of techniques available for the analysis of such series of dependent
observations is called time analysis series (a set of observation generated sequentially in time), which may be
classified as linear or nonlinear. Linear models are the most popular ones, due to their simplicity and ease of use.
Examples of widely used linear methodologies are the Auto Regressive (AR) Moving Average (MA) models,
which had been studied extensively by George Box and Gwilym Jenkins, and their names have frequently been
used synonymously with general ARMA processes applied to time-series analysis, forecasting and control. The
auto-regressive model specifies that the output variable depends linearly on its own previous values. The mov-
ing average specifies a dependence relationship among the successive error terms, which in this time-terminol-
ogy should not be confused with the use of the same phrase in other statistical methods. The term “moving av-
erage” is used only in reference to a series of terms involving errors at different time periods. This general
model uses an iterative three-stage modeling approach [10]:

Model identification and model selection: making sure that the variables are stationary, identifying seasonality
in the dependent series (seasonally differencing it if necessary), and using plots of the autocorrelation and partial
autocorrelation functions of the dependent time series to decide which (if any) autoregressive or moving average
component should be used in the model.

Parameter estimation using computation algorithms to determine the coefficients that best fit the selected
ARMA model.

Model checking by testing whether the estimated model conforms to the specifications of a stationary univa-
riate process. In particular, the residuals should be independent of each other and constant in mean and variance
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over time. If the estimation is inadequate, it is necessary to return to the first step and attempt to build a better
model.

After these steps, it is important to make a model validation.

Autoregressive (AR) models may be effectively coupled with moving average (MA) models to form a very
general and useful class of stationary time-series models called autoregressive/moving average (ARMA) ex-
pressed by Equation (1), which may be easily included in any electronic spread sheet:

X =0+ X 1+ hX ,+ -+, X, +& -0 ,-06 ,——0,6 1)

where:
X is the value of the output variable at time t;

5= (1—Zip:1¢, )ﬂ ; 1 denoting the process mean;

¢+, ¢, arethe parameters of the AR model;
6,,---,6, are the parameters of the MA model;

& is the random error component at the time t.

The parameters of the model are estimated by least squares or the maximum likelihood statistical method [11]
under the assumption of normal distribution for the random error component. Conditions on the parameters
(¢.i=1,2,---,p;6,,i=1,2,---,q) are required for proper estimation

The input series for ARMA needs to be stationary (should have a constant mean, variance, and autocorrela-
tion through time). In order to determine the stationarity, it is necessary to examine the plot of the data and au-
tocorrelogram. Not only does the model have to be stationary, it also has to be invertible. There is a “duality”
between the moving average process and the autoregressive process, the moving average equation above can be
rewritten (inverted) into an autoregressive form (of infinite order). However, this can only be done if the moving
average parameters follow certain conditions. Otherwise, the series will not be invertible [12].

Most time series analysis consists of observations that are serially dependent in the sense that a model statis-
tical with one or more parameters can be estimated to describe the relationship of consecutive observations and
to forecast future values of the series from a specific time. In the recent years, the use of time series models for
conducting forecasts in datasets has proved to be an important and reliable tool in several areas and research
practice confirms its power and flexibility [13] [14]. Put into words, each observation of the series can be ex-
pressed as a random error component (g;) plus a linear combination of prior observations and prior random
shocks.

4. Data Acquisition

Statistical modeling techniques were used to evaluate data generated from a eucalyptus Kraft pulp mill located
at Minas Gerais state in Brazil. The equipment under study is a Kamyr single vessel vapor phase continuous di-
gester in process of Extended Modified Continuous Cooking (EMCC) with a capacity of 500,000 admt/year.
Data were collected under steady state operation over a period of 2 months totaling 2.306 observations that were
divided into two data sets equally. The first was used as reference (to estimate the parameters of the model) and
the second was used to validate the model. Some process variables contained occasional missing values and the
corresponding data points in the input variables were removed. All the variables are relative to 30 minutes aver-
ages. To estimate the parameters, it was used the statistical software Eviews (Econometric Views) v.5 [15].

5. Results and Discussion

Assumptions of normality, linearity, and homogeneity of variance were evaluated at building model data set.
Models were evaluated according to different statistical decision criteria, like Mean Absolute Deviation (MAD),
Mean Absolute Percent Error (MAPE), Rooted Mean Square Error (RMSE), Akaike Information Criterion
(AIC), Schwarzs Bayesian Criterion (SBC), Durbin Watson (DW), R2 adjusted and Theil Inequality Coefficient
(TIC). A discussion of the use of these and related scalar measures to choose between alternative models in a
class, is available in different statistic books [10] [12] [13].

In Figure 2 are presented the histogram and descriptive statistic of the standardized values of the Kappa
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number. Data were auto scaled to unit variance (i.e., each data were divided by its standard deviation) and mean
centered. Assumption of normality is providing by large sample size and visual evidence of the graphic.

The study of residuals was considering in the choice of the models. It is very important for deciding on the
appropriateness of a given forecasting model. If the errors are essentially random, the model may be a good one.
If the errors show any type of pattern it is an indication that the model is not taking care of all the systematic in-
formation in the date set.

To identify the best model, were examined the autocorrelation and partial correlation of the kappa number
data, and were observed significant autocorrelations (at 5% significance level) in the first 2 - 3 lags, and removal
of the dependence on the intermediate observations (those within the lag).

According to some statistical decision criteria (AIC, SBC, TIC, RMSE, MAD and MAPE) presented in Fig-
ure 3 and Figure 4, the best forecasting model was the ARMA (1, 2). It’s estimated parameters are presented in
Figure 4.

In Figure 4 are also presented the actual and forecasted kappa on each time t, calculated by parameters indi-
cated according to preceded observations.

Histogram of the residuals (actual-estimated) and corresponding descriptive statistics data are shown in Fig-
ure 5.

Residuals autocorrelation and partial correlation are presented in Figure 6 adjusted for ARMA (1, 2), indi-
cating a white noise and homoscedasticity of residuals.

160

Series: STANDARDIZED_KAPPA
Sample 1 1517

Observations 1517
1204

Mean -8.91e-17
Median -0.117638
804 Maximum 6.214164
Minimum -2.253069
Std. Dev. 1.000000
Skewness 0.842349
40 4 I Kurtosis 5.017502
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Figure 2. Histogram and descriptive statistics of standardized Kappa number.

Variable Coefficient  Std. Emor  t-Statistic ~ Prob.
Cc 16.14181  0.156000 103.4730  0.0000
AR(1) 0.851803 0.015525 54.86743  0.0000
MA(1) 0.361867  0.027421 13.19676  0.0000
MA(2) 0.273562  0.026999  10.13242  0.0000
R-squared 0.885008 Mean dependent var 16.14471
Adjusted R-squared 0.884780 S.D. dependent var 1.622371
S.E. of regression 0.550698 Akaike info criterion 1.647373
Sum squared resid 458.8451 Schwarz criterion 1.661413
Log likelihood -1245.533  F-statistic 3881.489
Durbin-Watson stat 1.996296 Prob(F-statistic) 0.000000
Inverted AR Roots .85
Inverted MA Roots ~ -.18+.49i -.18-.49i

Convergence achieved after 11 iterations

Sample (adjusted): 2 1518
Included observations: 1517 after adjustments

Dependent Variable: KAPPA

Method: Least Squares

Figure 3. ARMA (1, 2) model estimated parameters.
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Forecast: KAPPAF
Actual: KAPPA

Forecast sample: 1 1517
Adjusted sample: 2 1517

Included observations: 1516

Root Mean Squared Error

Mean Absolute Error

Mean Abs. Percent Error

Theil Inequality Coefficient
Bias Proportion

L5 Variance Proportion

Covariance Proportion

0.550145
0.386984
2.340054
0.016957
0.000000
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0.969545

T T T
250 500 750

T T T
1000 1250 1500

[— ACTUAL — FORECASTING |

Figure 4. ARMA (1,2) forecasting parameters.
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Series: Residuals
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1.289228
15.79061
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Figure 5. Residuals histogram of ARMA (1, 2) model.

Figure 6. Residuals correlograms.

Autocorrelation

Partial Correlation

AC PAC Q-Stat

Prob

1 0.002 0.002
2 0.023 0.023
3 0.013 0.012
4 0.042 0.041
5 -0.090 -0.091
6 -0.030 -0.032
7 -0.018 -0.015
8 -0.005 -0.003
9 0.006 0.016
10 0.053 0.048
11 0.005 0.001
12 0.009 0.003
13 -0.022 -0.027
14 -0.004 -0.007
15 0.001 0.011
16 -0.057 -0.053
17 0.026 0.032
18 0.014 0.013
19 -0.004 -0.008
20 0.000 0.001
21 0.015 0.002
22 0.002 0.002
23 0.037 0.042
24 0.057 0.058

0.0043
0.8205
1.0585
3.7118
15.993
17.338
17.853
17.899
17.962
22.188
22.230
22.349
23.123
23.144
23.145
28.161
29.178
29.472
29.502
29.502
29.836
29.843
31.916
36.938

0.054
0.000
0.001
0.001
0.003
0.006
0.002
0.005
0.008
0.010
0.017
0.027
0.009
0.010
0.014
0.021
0.030
0.039
0.054
0.044
0.017

Considering accuracy and parsimony properties, the models ARMA (2, 1) ARMA (2, 2) and ARMA (1, 1) (in
this order) showed good results according to the statistical decision criteria indicated at Table 1.

Applying coefficients indicated in Figure 3 at Equation (1), the second data set obtained from one month of
the continuous digester operation were compared to the fitted model to perform the predictions. A value of
MAPE around of 2.7% was obtained as can be seen at Table 2. A scatter graphic of observed/estimated kappa of
model ARMA (1, 2) is shown in Figure 7 showing the good accuracy of the model.
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Figure 7. Validation of model ARMA (1, 2) fitted for Kappa series.
Table 1. Results from the statistical criteria for approved models.
Model ARMA (1, 1) ARMA (2, 1) ARMA (2, 2) ARMA (1, 2)
R?Ajusted 0.8702 0.8828 0.8847 0.8845
MAD 0.4036 0.3890 0.3871 0.3868
RMSE 0.5841 0.5553 0.5500 0.5500
MAPE 2.4314 2.3537 2.3412 2.3389
AlC 1.7652 1.6665 1.6491 1.6473
SBC 1.7722 1.6806 1.6666 1.6614
DW 1.9052 2.0387 2.0042 1.9963
Table 2. Results from the statistical criteria for validation data.
Model ARMA (1, 2) ARMA (2, 2) ARMA (2, 1) Kappa
Mean 16.4722 16.4713 16.4669 16.5050
MAD 0.4552 0.4547 0.4530 -
RMSE 0.0413 0.0412 0.0409 -
MAPE 2.7327 2.7292 2.7163 -

6. Conclusion

In this paper we have shown general results concerning the performance of ARMA models for predicting the
kappa number in continuous digester. Analysis of the generalized residuals and different statistical forecasting
indexes indicates good fitting of three models by autoregressive and moving average parameters of order 1 and 2.
From the results, it can be concluded that Box & Jenkins methodology was appropriated to predict the kappa
number in continuous digester, being simple and easily implemented in any eletronic spreadsheet configuration.
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