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ABSTRACT

This work describes the modelling of observed data from kraft pulping variables at industrial scale
for several years by generalized additive models and artificial neural networks. Generalized additive
models were adjusted with R software, using database “mgcv"”. Statistical significance tests were applied
to each model. In a complementary way, data were analyzed by 100 artificial neural networks in order
to relate digester production and alkaline load with several process and pulp variables. At this stage,
Statistica software was applied to describe data behaviour. Generalized additive models proved to be a
good option to represent the variables from kraft pulp industry processes, showing a correlation of at
least 88% between estimated and actual data. This fitting was possible due to the ability of generalized
additive models to easily adequate data with high variability and mild control, on which experimental
design treatments are not efficient. Neural artificial networks were able to represent at least 60% of the
alkaline charge and the digester production.
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RESUMO

No presente trabalho, dados observados em escala industrial, durante alguns anos, foram submetidos a
modelagem empregando modelos aditivos generalizados e redes neurais artificiais, como ferramentas
para avaliar a influéncia de algumas variaveis, da madeira e do processo, sobre a produc¢do do digestor
e carga alcalina. Os modelos aditivos generalizados foram ajustados utilizando o software R, através
da biblioteca “mgcv”. Foram aplicados testes de significancia para cada modelo ajustado. De forma
complementar, os dados foram ajustados em 100 redes neurais artificiais para relacionar a producao
do digestor e a carga alcalina, com diversas variaveis de processo e de polpa de celulose. Nesta etapa do
trabalho, foi empregado o software Statistica e os dados resultantes mostraram que o modelo aditivo
generalizado constitui uma boa opcao para representar os fendbmenos da indUstria de celulose, com
correlacdo de 88% entre os dados reais e os estimados. Este modelo é adequado para variaveis que
apresentam alta variabilidade e em que ndo ha um rigoroso controle, diferentemente do que ocorre
em dados provenientes de delineamentos experimentais. A aplicacdo de redes neurais artificiais para
estimar a producdo do digestor e para carga alcalina também mostrou-se de moderada a forte, com
correlacBes entre os dados reais e estimados que ficaram acima de 60%.

Palavras-chave: Computacdo estatistica; Cozimento de madeira; Estatistica multivariada; Modelos
preditivos; Quimica da polpagao

1 INTRODUCTION

Currently, the Kraft process is the most widely used to obtain pulp, consisting
of the reaction of wood in the form of chips with white liqguor (NaOH and Na,S),
which results in lignin dissolution and the release of cellulose fibers. This process
has relatively low selectivity with regard to lignin removal, with release of extractives
and dissolution of part of the carbohydrates also occurring. At the end of cooking,
the carbohydrate removal rate remains considerable, causing production loss while
maintaining a residual lignin content (Foelkel, 1977).

Inallchemical pulp production processes, the variables time and temperature are
considered the most important, as they directly affect lignin removal and final product
quality. These variables are inversely related, that is, the higher the temperature,
the shorter the cooking time. In addition, the reaction vessels are operationally
heterogeneous and complex, since many chemical reactions occur within them,

besides having process variables that are difficult to measure.
Pulp manufacturing is influenced by different silvicultural aspects, such as:

physical (e.g., basic density), anatomical (fiber dimensions), and chemical (cellulose,
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hemicellulose, and lignin content) wood properties, which are generally interdependent
(Carvalho; Silva; Colodette, 2014). For this reason, it is difficult to change one property
without also affecting the others (Shimoyama; Barrichello, 1991). Another factor that
drives the optimization of pulp yield is wood cost, which is influenced by genetic
improvement and forest management variables.

Since the Kraft process is multivariate, the development of mathematical
models for predicting parameters has been the subject of several studies. The use
of prediction results from models leads to better performance in reducing pollutant
emissions, increasing productivity, and improving the cost-effectiveness of production
(Blanco et al. 2013). The use of Artificial Neural Networks (ANN), especially MLP
(Multilayer Perceptron) type networks, has been studied through different models
(Okan et al., 2015; Correia et al. 2018). However, no studies have been found that
apply these models to predict digester production from wood and process properties
simultaneously.

The objective of this work is to employ generalized additive models (GAM) and
artificial neural networks (ANN) as tools to evaluate the influence of some wood and

process variables on digester production using an industrial-scale database.

2 MATERIAL AND METHODS

2.1 Material

The database used in this study comes from the Process Information
Management System (PIMS) of Veracel Celulose S.A. (Eunapolis-Bahia-Brazil), based
on daily averages. Some data come from laboratory analyses and others from online
meters installed at various points in the process. The online meters are calibrated
against laboratory analyses using standard procedures as a reference.

The analysis frequency of the parameters generated and made available for this study:

+ Apparent chip density - 6x/day;
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+ Basic wood density (chips) - 3x/day;

+ Kappa number of the digester discharge pulp - online measurement (1

determination every 12 minutes);

+ Digester production - calculated based on the speed of the screw feeding

the chips; online measurement;

* Alkaline load - defined to maintain the target kappa number between 18 and

18.5.

To minimize interference in the analyses from data originating from unstable
process conditions, data generated for a digester production below 3,000 tons were
excluded from the evaluation. Production below this value occurs only when there are
process disturbances and does not reflect reality. In addition, the online meters lose
their reference and show values that are completely out of control.

Data on the wood supplying the mill were generated from the Forest Management
System (SGF) of Veracel Celulose S.A. The wood properties collected were basic density,
age, and rainfall. Density is determined before harvesting through material sampling
using the destructive method with laboratory determination (Scan-CM 43:95, 1995). Age
is determined during forest harvesting, based on the company’s Forest Registry, which
contains the planting records for the areas (planting date, genetic material, etc.). To keep
the industrial and forest databases on the same time basis, 2 days were added to the
wood supply data from the SGF, corresponding to the retention period of the chip pile.

This study used an industrial-scale database covering the period from January

2006 to March 2010, totaling 1,537 observations.
2.1 Methods

The models were fitted using R software (R Development Core Team, 2010),
through the “mgcv” library (Wood, 2006), specific for fitting generalized additive models.
The associations between the variables studied were represented graphically,

where the solid line represents the values fitted by the model and the dotted lines
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represent the standard error of the fitted values, interpreted as the “confidence
interval”. The vertical bars above the x-axis represent the observed values and their
dispersion along the fitted curve.

Significance tests were applied to each fitted model (Tables). Significant results
(p-value*100 <= adopted significance level) indicate that a significant association exists
between the variables studied; the lower the p-value, the greater the intensity of the
association. Each table shows the degrees of freedom corresponding to the smooth
term, where the lower the smoothing degrees of freedom, the closer to linear the
association between the variables.

Surfaceplotswerealsoproduced,inwhichthe predictorvariablesarerepresented
on the graph'’s Cartesian axes and the contour lines represent the response variable.
The lighter the area on the graph, the greater the magnitude of the response variable.

In a complementary way, the data were analyzed using artificial neural networks.
The digester production variable was grouped into classes with an amplitude of 50
tons, allowing the correlations to be evaluated with the variables wood density, rainfall,
chip dry content, chip density, and Kappa number. Likewise, the alkaline load was
grouped into classes with an amplitude of 0.3. A total of 100 artificial neural networks
(ANN) were fitted to relate digester production and alkaline load with the variables:
wood density, age, rainfall, chip dry content, apparent chip density, basic chip density,
pulp viscosity, and kappa. At this stage of the work, the Statistica software was used

(Statsoft INC., 2007).

3 RESULTS AND DISCUSSIONS

Kraft pulping performance and the quality of the resulting pulps are influenced
by variables associated with the raw material and the pulping process (Fengel; Wegener,
1989; D'Almeida, 1988). In the present work, the relationship between alkaline load
and wood density was non-significant (P>0.05), that is, no well-defined associations

were found (Figures 1 and 2 and Table 1). This finding indicates that an increase or
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decrease in wood basic density does not allow any inference about alkaline load using
generalized additive models. These results agree with those observed by Mokfienski
et al. (2003), cited by Gomide et al. (2005) and Carvalho et al. (2015). On the other
hand, Lanna et al., (2001), cited by Gomide et al., (2005), did not report this correlation,

indicating the complexity of relationships between variables.

Figure 1 - Smoothed curve of alkaline load as a function of wood density
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Table 1 - Significance test for the smoothed curve of alkaline load as a function of

wood density

Significance of the smooth term

d.f. s(Wood Density)# 6.7
F 1.93
p-value 0.053ns

Source: Authors (2026)

In where: #Degrees of freedom corresponding to the smooth term; nsNot significant (P > 0.05).
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Figure 2 - Digester production as a function of wood density and alkaline load
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When Artificial Neural Networks are applied, a correlation between alkaline

load and wood density is observed. For this, the alkaline load variable was grouped

into classes with several amplitudes, and an amplitude of 0.3 allowed the following

correlations to be verified:

Wood density: -0.52

Age: -0.20

Precipitation: -0.36

Chip dry content: 0.17
Apparent chip density: 0.25
Basic chip density: -0.54
Pulp viscosity: 0.05

Kappa: 0.23

Two ANNSs (100 each) were fitted to estimate alkaline load (in a class with an

amplitude of 0.3) as a function of the means of the variables: wood density (ANN1)

and basic chip density (ANN2). For each correlation, the best networks were: Multilayer
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Perceptron, 2 input neurons, 2, 7 and 1 neurons in the hidden layers, 1 output neuron,
or MLP 2-2-1, MLP 2:2-7-1:1 (ANN1) with r =0.67, and MLP 2:2-5-1:1 (ANN2) with r = 0.68.
A correlation of 0.60 (60%) between variables is considered moderate to strong. For
Artificial Neural Networks (ANNSs), this value is acceptable, allowing the identification
of complex patterns and nonlinear relationships that conventional statistical methods
(such as simple linear regression) would not easily detect (Costa, 2011). Tests with the
other variables were not satisfactory.

Figure 3 shows the validation of the best ANN obtained, in which good response

capacity of the trained models is observed, with a trend of estimated values similar to

the actual alkaline load values measured in the process.

Figure 3 - Alkaline load as a function of wood density and basic chip density

RNAL X RNA2
i5 kL]
B E‘-. it B E 20 £
" "
E - EF 'E T -
1] E i 1] E 10
] ]
5 5
0
0 5 T4 1% b -] n 0 5 10 % o] 1] £y
Observed allcakne kaad Obarved alkalins load
A EMAL - RMAZ
=1 ' |
[ 74 ) d
F 4 g
# s | # i
E ] |_"_. E i e
g Pe o 0" I L i 0 )
a4l L
L]
]
1) 1K
Oisaned allcakng koad Observed alkaling load
L -1
13 i~ =] v g ¥
o - i b
E - ® 'I‘*'. . & E:u ) -g‘ *
L]
£ 15 : '} -t [ 4 E ] a T
3 5 o L | 3 - = - L]
4w 4w z
g 5
1] a
&0 =0 318 00 3 .1 FT 04 ] L] "=/
Wioaod density Basic dangity of chips

Source: Authors (2026)

Ci. Fl., Santa Maria, v. 36, €95533, p. 8, 2026



Stein, F. R,; Marcatti, G. E,; Costa, M. M,; Oliveira, C. R,; Leite, H. G. | 9

The correlation between digester production and wood density is variable
(Figure 4), with densities between 490 and 530 kg/m3 being responsible for the highest
cellulose pulp production. Establishing a narrow basic density range for digester
supply proves ideal for producing pulp with uniform properties when intended for the
manufacture of a single class of paper. In a study conducted by Santos and Sansigolo
(2007), it was observed that low basic densities of eucalyptus clones are suitable for
the production of papers for printing and writing, while high basic densities could be

applied to sanitary papers.

Figure 4 - Smoothed curve of digester production as a function of wood density
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Table 2 - Significance test for the smoothed curve of digester production as a function

of wood density

Significance of the smooth term

d.f. s(Wood Density)# 6.29
F 10.39
p-value 2.75e-13***

Source: Authors (2026)

In where: #Degrees of freedom corresponding to the smooth term; *** Significant (P < 0.001).
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The effect of wood age on chemical composition and process variables is
increasingly studied, due to the possibility of influencing the final characteristics of
the bleached pulp. It can be stated that age influences chemical composition, which
stabilizes in the wood once the tree passes the temporal stages of juvenile wood
variation (Trugilho et al. 1996; Morais, 2008). Figure 5 shows the correlation between
digester production and wood age, identifying higher production between 7.5 and

8.0 years.

Figure 5 - Smoothed curve of digester production as a function of wood age (Source:

the authors)
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Table 3 - Significance test for the smoothed curve of digester production as a function

of wood age

Significance of the smooth term

d.f. s(Age)# 7.96
F 5.96
p-value 6.35e-08***

Source: Authors (2026)

In where: #Degrees of freedom corresponding to the smooth term; *** Significant (P < 0.001).
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In the combined evaluation of the influence of age and wood density on digester
production (Figure 6), density is observed to be more limiting than age. The ranges of
highest production are found within a narrow density range (480-500 kg/m3), while for

age this range is wider, varying from 6 to 10 years.

Figure 6 - Digester production as a function of wood density and age
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During the period evaluated, the mill's wood supply consisted mostly of wood
with basic density ranging from 490 to 530 kg/m3sc (Figures 7 and 8). This was due to
the fact that there was a surplus wood stock, raising the average age to the range of 8
to 10 years (Figures 9 and 10). Vital et al. (1984) reported that density tends to increase
with increasing tree age, as a consequence of increased cell wall thickness and reduced
cell width. This result may lead to higher reagent consumption in the stages following
cooking, and correlations with kappa number and viscosity should be studied, as these

are important for producing quality pulp.
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Figure 7 - Distribution of basic density
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Figure 8 - Histogram of basic density by year
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Figure 9 - Distribution of wood age
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Figure 10 - Histogram of wood age by year
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To evaluate the application of artificial neural networks in estimating digester
production, this variable was grouped into classes with several amplitudes. With
an amplitude of 50 tons (Excel function: MROUND(PRODUCTION;50)), the following
correlations were obtained:

«  Wood density: -0.07

« Age:-0.26

* Precipitation: 0.31

* Chip dry content: -0.08

* Apparent chip density: -0.70

« Basic chip density: -0.05

* Pulp viscosity: 0.20

* Kappa:0.70

A total of 100 ANNs were fitted to estimate digester production (grouped into
classes with an amplitude of 50 tons) as a function of the variables (mean values):
wood density, age, rainfall, chip dry content, apparent chip density, basic chip density,
pulp viscosity, and kappa. The option to optimize variable selection was applied, and
the best networks, ANN1 (MLP 2-2-1, with r = 0.885) and ANN2 (MLP 2-2-1, with r =
0.883), selected the variables kappa and apparent chip density, respectively. The ANNs
were trained using the supervised “backpropagation” algorithm.

Validation of the networks revealed good response capacity of the trained
models, as the values estimated by the ANNs follow the trend of the actual digester

production values measured in the process.
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Figure 11 - Digester production as a function of kappa number and apparent chip

density
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It is worth noting that apparent chip density is related to chip size and wood
basic density. Considering that chip size is uniform in the process, wood basic density
has a direct influence on this variable. Therefore, for higher apparent densities, due to
an increase in wood basic density, it becomes necessary to adjust the mill process so
that there is no loss in the cooking process. To do this, the alkaline load is increased
to maintain the target kappa number. Without this adjustment, the kappa number will
increase and delignification will decrease.

Rubini and Yamamoto (2006) reported the applicability of ANNs for predicting

kappa number in oxygen delignification processes, using seven months of process
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data, gathering 811 variables to fit the models, with relative errors of at most 8.4%
for kappa number after oxygen delignification. In the present work, the error showed
absolute values around 20%, due to this property's composition being more variable

when compared to pulp after oxygen delignification.

4 CONCLUSIONS

The present work shows that generalized additive models and artificial neural
networks can be used efficiently for modelling digester production as a function of
variables such as apparent chip density and kappa number in pulp mills. Furthermore,
artificial neural networks are efficient for estimating alkaline load as a function of
variables such as wood density and basic chip density.

Through the use of prediction techniques, itwas found thatanincreasein alkaline
load provides an increase in the delignification level and a reduction in kappa number.
However, for alkaline loads above 20%, there is no reduction in kappa number, which
shows that the practice of using higher alkaline loads, aiming exclusively at lignin
removal, is not justified.

Considering the same final kappa number, the prediction models tested in this
work demonstrated that an increase in alkaline load will result in reduced viscosity and
cellulose yield. Such predictions can help prevent bottlenecks in subsequent chemical
recovery processes, both in causticizing (lack of liquor for cooking) and in the boiler

(excess solids for burning), which would result in reduced digester production.
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