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Abstract

In paper-making there are numerous of parameters that control the final outcome of the
paper. This thesis examines the connections between paper properties and influential
factors in the manufacturing process, by looking at the entire fiber line from the incoming
wood chips to the actual finished paper. The analysis is done by studying how important
process variables connect to the properties of the paper, and also by investigating the
possibilities of modeling how these affect the final product.

There are numerous factors that affect the final outcome of a manufactured paper.
Five of these; wood type, cooking time, refining energy input, amount of starch and roll
pressure in the paper machine, have been investigated in a series of laboratory experi-
ments. A factorial designed experiment was set up to investigate the mentioned factors
impact on paper properties. Focus in the study was laid on two aspects. One was to
investigate interaction effects among the process variables and the significance of these
interaction effects as well as the main effects. For the second part it was possible to
utilize these interaction effects and deduce which combinations of factor levels that could
result in equal output levels of certain paper parameters.

Being able to predict the paper quality as accurately as possible is another important
aspect in paper-making. In the second study in the thesis the relation between the paper
properties and process variations are charted. Through different multivariate methods
prediction models were created based on the data gathered in the designed experiments.
The underlying correlation structures in the data could be used in conjunction with the
design factors to derive models that connected process parameters to paper properties.
With the help of these models it is possible to predict what paper property levels to
expect when altering process variables.
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Chapter 1

Introduction

“The purpose of papermaking is that by fiber, water,
and energy manufacture paper. The process shall

create money.”

Paper technology compendium
KTH 1986

Paper making is a very energy consuming process and the need to reduce both the energy
consumption as well as the resource consumption is ever increasing. With increasing
competition and falling prices on paper products as well as increased environmental
requirements it important that the process is able to be as efficient as possible, for a mill
to be able to stay competitive on the market.

Throughout the process of making paper there are many process steps that involve
a lot variables that can be adjusted. One possible approach to optimizing the process is
to select a large number of these variables, and tune them independently of one another
to achieve desired paper properties. This will, in the vast majority of processes, lead
to misleading results and suboptimal settings [1]. Because of the presence of interaction
effects among the process variables, the effect of changing one variable will depend on the
current level of one or more of the other variables. These interaction can be identified and
quantified by means of factorial designed experiment [1]. Such a design means assigning
the variables (factors) different typical levels to be tested, and then constructing a table
of all possible combinations of the factor settings. Since many of the measured properties
are correlated it also means that they partially explain the same variations in the process
albeit in different units and via different measuring methods. As early as 1989 Strand et
al. performed factor analysis [2] on seven paper properties from a large data set (>1000)
comprised of papers from different mechanical pulping processes and various species
(southern pine, Scandinavian spruce, hemlock and balsam fir). Factor analysis on those
seven properties showed that 92% of the variation could be explained by two common
factors [3].

Other publications in the field have investigated how differences in the raw mate-
rial can affect the pulp and paper properties in different ways. In [4], Marklund et al.
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performed multivariate data analysis (MVDA) on a set of wood samples gathered from
different species, geographic origin, wood density and different parts of the tree (root
stem and top) in order to predict the strength parameters of softwood kraft pulps. Both
beating and fiber properties proved to be important for the strength parameters. [5], a
study by Drost et al. examined how variations in fiber characteristics in different species
of wood affected the kraft pulp strength parameters. Their results showed that pulps
from juvenile wood had superior beatability, while pulps from mature wood exhibited
higher tear due to their longer fiber length. Mariani et al. in [6], studied the importance
of heartwood fibers in kraft pulp made from Eucalyptus nitens. They found that the me-
chanical strength, tensile strength, and burst index were higher for pure heartwood than
for pure sapwood pulp. These studies all focused primarily on varying one factor at a
time in the process and analyzing what effect it had on some specific response parameter,
or on the pulp making process rather than the entire fiber line.

Similarly there a studies that have successfully used near-infrared (NIR) spectroscopy
on pulp and paper samples, and combining that with multivariate analysis methods.
Wallbäcks et al.[7] combined spectroscopic methods and multivariate methods to predict
the carbohydrate constituents and lignin content of pulp samples. Good predictions
could be achieved by combining data from the different spectroscopic measurements. In
a related study made by Antti et al.[8] the possibility to make predictions of mixtures of
wood chips from three different wood species (Swedish pine, Swedish spruce and Polish
pine) was investigated based on NIR spectroscopy. Mixture design and Partial least-
squares (PLS) were used for the multivariate calibration modeling. Cross validation of
the result showed that most of the pulp properties are well described by their model.

The work presented here is an attempt to clarify connections and correlations between
several process variables throughout the process and different properties on finished pa-
per. By means of a large scale factorial designed experiment conducted in a laboratory
environment together with multivariate analysis methods, the property correlations as
well as process variable interactions have been investigated.

1.1 The papermaking process

This section describes all of common process stages involved in creating a paper product,
from trees to finished paper. Figure 1.1 depicts all the essential steps involved in the
creation process of paper through chemical pulping. Apart from chemical pulping there
are also a variety of different mechanical pulping techniques available for making pulp.
Mechanical pulping is typically performed by grinding the wood chips with metal discs
called refiner plates. However, the work presented in this thesis only considers the chem-
ical pulping process, but a thorough coverage of different mechanical pulping methods
can be found in [9].
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Figure 1.1: Schematic1of the process steps involved in paper making.

Resource preparation

When paper is manufactured from wood, the usual first step is to remove the bark from
the logs. Most often the removal is performed in what is referred to as a debarking drum,
essentially a very large cylinder type tumbler with perforated and corrugated sides, where
the bark is removed mechanically as the logs get thrown around. When the bark has been
removed the logs get fed into a wood chipper, a device with rotating steel blade that cuts
the logs into smaller pieces called wood chips. The chips then pass through a screener
where the chips that are considered too small or too large get sorted out. Depending on
the type of paper mill, there are mainly two different ways in which a fully integrated
paper mill receives their resource. Either the mill has its own wood yard and able to
receive logs and make their own wood chips, or the wood chip comes directly transported
from saw mills.

Pulping

The chips are then disintegrated into fibers to prepare what is called pulp, a solution
consisting of water and separated fibers. In the native wood, typical fiber dimensions
are 1-3 mm in length and 20-40 µm in cross-sectional width [10]. Chemical pulping is
performed by cooking the wood chips in a digester together with chemicals that dissolves

1www.swicofil.com/paper.html



6 Introduction

the wood and frees the fibers. The main compound that is removed through chemical
pulping is lignin, and also other unwanted extractives are removed in the process. There
are different methods deployed for chemical pulping, such as the kraft pulp (also called
sulfate pulp) and sulfite pulp [11]. A typical yield of the chemical pulping process is
slightly more than 50%, meaning that about half of the original dry mass of wood is
retained in the fibers (compared with mechanical pulping where the yield is usually more
than 90%) [10].

Bleaching and refining

After the fibers are separated, the pulp can be bleached with chemicals to increase the
whiteness of the final product. However, the bleaching process is not covered in this
work, because the investigated paper product does not incorporate bleaching in its man-
ufacturing process.

The pulp is then treated further in a mechanical process called refining or beating.
The pulp is fed through the refiner, where the fibers are compressed and sheared between
stationary and rotating elements [12]. Often both of the elements have grooved surfaces
with bars. The fibers structure changes as it beaten in a refiner, making the fibers more
flexible and conformable.

Headbox and paper machine

Before entering the headbox and paper machine, the pulp is mixed with additives (such
as starch) in what is called the machine chest. From the machine chest the pulp is fed
to the headbox. The main function of the headbox is to distribute the pulp mixture
evenly across the width of the forming fabric/wire [12]. On the actual wire a lot of the
moisture content is removed through the forming fabric after which the dewatered pulp
can be more or less considered wet paper. In the final stages the paper product is formed
and dried to a desirable water content before being rolled up on reels, awaiting further
packaging and shipping.

1.2 Scope and limitations

The purpose of this thesis is to study how the process variables along the whole fiber
line connects to paper properties of the final product, and to identify important process
variables and develop strategies to allow for maximized product quality and lower process
variations of specific paper machines. The long term goal is to provide predictive models
that can be a support to operators and others in controlling the process.

Methods to accomplish these purposes are:

1. Conduct a factorial designed experiment [1] in which key process variables are
chosen and set to discrete high and low levels.
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2. Execute the experimental series in a laboratory environment that is capable of
reproducing the whole chain of papermaking processes, from wood to finished paper,
in a laboratory scale.

3. Analyze the effects of these key variables, especially the interaction effects between
them, and interpreting the importance of these effects on the final properties. This
step addresses the problem of identifying which variables and interactions that have
a significant effect on which paper properties.

4. Construct multivariate predictive models, linking the chosen process variables to
important paper properties, including interactions between them, by means of par-
tial least-squares regression (PLSR) [13] and responce surface models [14]. This
addresses the question how the process variables affect the properties of the final
paper.

Points 1-3 are addressed in Paper A and point 4 is treated in Paper B.
The study has been limited to include only the process steps associated with the fiber

line. This means that the neighboring processes such as the chemical recovery process,
backwater systems etc. are not included. The studied process variables have also been
limited to include the following:

• The different types of wood resources commonly used and how it affects the paper
properties.

• How altering the cooking time in the digester changes the final product.

• Effects of varying the edge load on the bars in the refiners.

• Varying the amount of starch additives.

• Roll pressure in the press section of the paper machine.

1.3 Thesis outline

The first chapter here has, apart from a introduction to the issue, presented a brief
overview of the examined process as well as outlined which stages of the process that
are subject to the analysis presented in this thesis work. Chapter two summarizes the
methods used; method for analyzing variable interactions and for building predictive
models that link paper properties to process variables. The chapter also describes in
which manner the acquisition of the experimental data was planned and performed.
Chapter three showcases the types of analysis made possible with a factorial designed data
set, as well as how the predictive models can be interpreted. Chapter four summarizes
the work concluded in paper A and paper B, along with listing the contributions made
by each author. The areas in which future research is planned is presented in chapter
five.
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Chapter 2

Method

2.1 Acquiring Experimental Data

To be able to analyze the whole process chain a large series of laboratory experiments
were conducted. These experiments were based around a replica of a certain mill’s paper
product. Focus was laid on a smaller number of influential process variables to make the
series feasible. Namely; wood type of the incoming resource, cooking time in the digester,
the edge load in the refiner, amount of starch additives and also the roll pressure in the
paper machine.

2.1.1 Mill reference

To conduct a large series of laboratory experiments, in an effort to mimic the entire
process, it was important to base the experiments on data from a real paper mill. In the
studies presented in Paper A and Paper B the series of experiments are based on samples
gathered at Mondi Dynäs kraft paper mill in Kramfors, Sweden. It is a fully integrated
mill, with its own wood yard and wood chipping utilities. Their cooking process is built
up by a number of batch digesters. The mill produces a variety of sack kraft paper, with
most of the raw material made up of Swedish Scots pine. The specific product that was
sampled, and later mimicked in the laboratory experiments, was unbleached kraft paper
with a target grammage of 57 g/m3.

The term ”Mill reference” refers to a close as possible copy of a paper mill’s product,
created by mimicking the mill’s papermaking process in a laboratory scale. To be able to
create this a lot of samples were gathered at the paper mill. These samples were gathered
for two reasons.

1. To collect wood chips that could serve as the base material in the laboratory trials.

2. To be able to measure the pulp and paper properties and compare the mill’s product
to the laboratory counterpart, so that the laboratory equipment could be calibrated.

9



10 Method

A more in-depth walkthrough of the sampling strategy can be found in Paper A.

2.1.2 Laboratory Setup

All laboratory work was conducted in collaboration with MoRe Research1, a research
and development company specializing in papermaking processes. It is their equipment
that has been used to measure pulp and paper properties as well as producing the actual
experimental papers.

The digester in the laboratory is a multi-functional digester that amongst other things
is capable of simulating kraft pulping. Continuous cooking as well as batch wise cooking
can be simulated in the digester. It uses an insert system with baskets that allows up to six
different chip batches to be cooked simultaneously using the same digester configuration.
To prepare the different experiment pulps a simplified reference cooking scheme was
used that mimics the current running scheme used in the actual mill’s digesters. The
different batches were run with identical cooking conditions, namely an active alkali level
of 21% in the cooking liquor and a liquor to wood ratio of 4.6 l/kg. The pre-steaming
conditions and cooking temperature profile (Figure 2.1) were also identical for all the
pulps. Figure 2.1 shows the temperature profile, after presteaming the temperature is
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Figure 2.1: Temperature profile used in the laboratory digester

raised in two different stages up to maximum temperature of 174◦C. The cooking time
at maximum temperature is one of the factors varied in the factorial design, with a low

1www.more.se
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level of ten minutes and a high level of twenty minutes.
After the pulp has been cooked it is beaten in a refiner. The laboratory refiner

used is a Escher-Wyss type of conical refiner which is considered to be highly similar to
production scale low-consistency (LC) refiners [15]. The laboratory is however limited
to LC refining, unlike the paper mill which utilizes both LC and high-consistency (HC)
refiners in their refining stage.

Before the pulp enters the paper machine the chemicals are added; including ASA-
sizing, alum and starch. The type of starch used is cationic tapioca starch. Most of
the starch was added right after the machine chest as the pulp is pumped towards the
headbox, an additional 0.1% starch is also added together with the ASA sizing just before
the headbox. The pulp concentration is 0.6% at both the locations where starch is added
to the furnish.

The final stage; the laboratory experimental paper machine (called XPM for short) is
a greatly scaled-down version of an ordinary paper machine, as seen in Figure 2.2. The
experimental paper machine still has a high resemblance to to full scale machinery, and
comprises all of the common sections found in an ordinary paper machine, such as

• Machine chests for preparing different batches of furnish.

• Forming section with a headbox and a 225 mm wide fourdrinier wire equipped with
white water recirculation.

• Press section with three steel rolls, i.e. two press nips.

• Drying cylinders

• Calender section

More information concerning the laboratory equipment can be found on the research
company’s homepage or in [16], where Lambert et al. describes how the experimental
paper machine can be utilized for measuring various paper properties.

2.2 Factorial design and factor effects

The process of creating paper, going from wood chips to actual paper products, involves
a large number of variables that can be adjusted, much too many to be studied simulta-
neously in a laboratory experiment. One route here would be to select a large number
of these variables and try to tune them one by one in order to optimize the process.
However, this will in the vast majority of processes lead to misleading results and sub-
optimal settings. The main reason for this is the presence of variable interaction effects
[1]. This means that the process variables do not affect the target quality parameters
independently, but the effect of changing one variable will depend on the current level of
one or more of the other variables. The most efficient way to identify and quantify these
interaction effects is by using some sort of factorial experimental design [1]. Such a de-
sign means assigning the variables (factors) different typical levels to be tested, and then
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Figure 2.2: Stylized image of the experimental paper machine at MoRe Research.

constructing a table of all possible combinations of the factor settings. This rapidly leads
to experimental designs consisting of many more experiments than what is practically
or economically feasible. Hence, there is a need to limit the scope of the experiments in
some way. The experiments were planned as a full two-level factorial design with five
factors, which enables the study of not only the effect of individual factors, but also
interaction effects between them. An interesting consequence of the interaction effects
is that several factor combinations lead to similar properties of the final paper, which
from a process optimization point of view is highly interesting. This means that some
level changes in the process variables may be possible to compensate for, by changing
the levels on other variables in the factorial design.

Fardim et al. (2004) used a complete factorial designed experiment and investigated
the effect pulping variables had on the retention levels of carbohydrates and lignin in
fast kraft pulping of eucalyptus. Among other results the tear index showed a positive
influence of fiber length and uronic acid groups [17].

The main effect of a factor in a factorial design is defined as the average change in
a response caused by changing the factor from its low to its high level, seen across all
combinations of the other factors [1]. As an example consider a two-level factorial design
with two factors A and B, at high and low levels denoted 1 and -1, stored in a model
matrix X. Then the main effect of factor A is the difference between A’s average high
and low level:

A =
y1 + y2

2
− y3 + y4

2
(2.1)

If A is changed from low to high and the response distinction in each case is different
depending on which level factor B has it is called an interaction effect. This interaction
effect occurs because the outcome of one factor is dependent on the level chosen for the
other factor. One of the key benefits of using a factorial design is that it is possible to
both identify and quantify these interaction effects. By using the interaction and main
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Table 2.1: Basic example of a factorial design with two factors and two levels.
X Y

Exp. Factor A Factor B Response
1 1 1 y1
2 1 -1 y2
3 -1 1 y3
4 -1 -1 y4

effects of the factors a least squares regression model representation of the responses can
be created, provided that the factors are quantitative:

y = β0 + β1x1 + β2x2 + β12x1x2 + ε (2.2)

The variables x1, x2 each represent values of the factors A and B, and ε is the error
term. The β-parameters in the regression model can be estimated from the effects. Half-
values of the main effects and interaction effects will form the estimated parameters β̂1,
β̂2 and the interaction term β̂12. The first parameter β̂0 is estimated as the average of all
responses, which are four in this example. The linear regression model derived from the
estimated parameters can be used to get an insight into which effects are significant for
the paper properties.

The series of experiments consisted of five factors and two levels for each factor,
leading to 25 = 32 different experiments. The study was limited to the first order
interaction effects (two-factor interactions). With first order interactions included the
corresponding regression model becomes:

y = β0 + β1x1 + β2x2 + ...+ β5x5 + β12x1x2 + β13x1x3 + ...+ β45x4x5 (2.3)

The main effect of the factor A is calculated as:

A =
(y17 + y1) + ...+ (y32 − y16)

16
(2.4)

Determination of all the main effects as well as interaction effects can be calculated
using the same procedure. To easier be able to establish all of the main and first order
interaction effects one can utilize the fact that the effects are always two times the
corresponding β model parameters. Turning to matrix notation of the regression model,
the solution for the model parameters will be:

β =

 β1...
β45

 = (XTX)−1XTy, (2.5)
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From this the effects can be estimated as

2β = 2(XTX)−1XTy =



A
B
...
AB
AC

...
DE


(2.6)

Where the single letters A, B etc. denotes the main effects and two letter combinations
represent the two-factor interaction effects.

2.2.1 Chosen variables and their factor levels

The five factors included in the design were:

• Wood type

• Cooking time

• Refining (edge load)

• Starch additives

• Roll pressure in the paper machine

The use of a full two-level factorial design means that 25 = 32 possible combinations of
the factors are tested. Such a design enables the estimation of all main effects and all
interaction effects. The five factors and their different levels are shown in Table 2.2. For
the high and low levels the wood chips were from Scots pine and for the center points a
mixture with equal amounts of both sawmill chips and whole log chips were used. Chosen
levels of cooking time resulted in papers with kappa numbers between 37.9 and 40.5 for
the high level, and 48.8 and 50.4 for the low level. Refining was conducted in such a way
that the beaten pulp in both cases had approximately the same freeness levels, or degree
of beating (Schopper-Riegler [18]), so both the refining energy input and the refining
time were different for each combination of wood type, cooking time and refining. The
achieved refining energy levels are presented in Table 2.3. On average for all responses
the achieved degree of beating was 20.0◦ SR with a standard deviation of 0.5◦ SR. The
amount of starch and the roll pressure were set to appropriate high and low levels, within
the scope of what was feasible with the laboratory equipment. Apart from the cationic
tapioca starch the other added chemicals; alum and ASA sizing were kept constant at
0.42% and 0.05% respectively in all of the experiments.

For the finished papers a total of 27 measured paper properties were acquired for
each experiment. These properties and the standards used to measure them are listed in
Table 2.4
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Table 2.2: Setup used in the factorial design.
Factors Low Center High
A: Wood type Whole log 50/50 Sawmill chips
B: Cooking time 10 min 20 min 30 min
C: Refining 0.7 Ws/m 2.5 Ws/m 4.5 Ws/m
D: Starch 0.1% 0.3% 0.5%
E: Roll pressure 3 kg/cm2 4.5 kg/cm2 6 kg/cm2

Table 2.3: Experiments refining energy output.
A B C Refining energy

kWh/ton
1 1 1 183.8
1 1 -1 245.0
1 -1 1 210.0
1 -1 -1 318.5

-1 1 1 157.5
-1 1 -1 163.0
-1 -1 1 157.5
-1 -1 -1 202.2

2.3 Simulation of replicates

The experimental design was only run once, meaning there are no replicates of the entire
series of experiments. This also means that there is no actual measure of the uncertainties
of the whole procedure. However, each of the measured paper properties was measured
several times according to the standardized test procedures (Table 2.4), yielding an esti-
mate of the standard deviation for each of the property measurements.

To compensate for the lack of replicates, and to obtain an indication of the signifi-
cance of each response, a Monte-Carlo simulation scheme was set up. The simulations
were based on the acquired standard deviations. In the simulation, the measured av-
erage responses and their corresponding standard deviations were used to generate a
large number (2500) of simulated experimental runs. All responses were varied in each
simulation and the variations were all simulated by adding zero-mean white Gaussian
noise with standard deviations according to the uncertainty of the measured data. This
made it possible to obtain an empirical probability density function for all of the esti-
mated effects. A 95 % confidence interval could be computed from the 2.5% and 97.5%
percentiles of these distributions. If the confidence interval contains the zero value, the
effect cannot be assumed to be significant but could be explained by the uncertainty in
the measurement of the corresponding response variable.

The advantage of the Monte Carlo approach is that it is no longer needed to assume
the effects are normally distributed in order to test for their significance. Neither is it
needed to assume that all responses have the same standard deviation in order to test
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Table 2.4: Methods for analyzing the pulp and paper properties.
Analysis Method
Kappa SCAN-C 1:00
Viscosity SCAN-CM 15:88
Fiber dimensions PulpEye
Pulp brightness ISO 2470
Degree of beating ISO 5267-1:2000
Grammage ISO 536:2005
Sheet thickness ISO 534:2005
Sheet density ISO 534:2005
E-module ISO 1924-3:2005
Tensile strength ISO 1924-3:2005
Tensile stiffness ISO 1924-3:2005
Strain at brake ISO 1924-3:2005
Burst strength ISO 2758:2001
Tear strength ISO 1974:1990
Porosity, Bendtsen ISO 5636-3:1992
Air permeans, Gurley ISO 5636-3:1986
Air resistance, Gurley ISO 5636-3:1986
Cobb 60s2 ISO 535:1995

for the significance. This makes the Monte Carlo simulation approach less sensitive to
these types of model assumptions.

2.4 Multivariate prediction models

Partial Least-Squares Regression was utilized to connect nine selected paper properties
to the experimental factors. Those 9 properties are listed in Table 2.5.

In a related pulp analysis study [19] , Niemi et al. where able to estimate the fiber
and fines fractions in pulp suspensions by means of combining optical and ultrasonic
measurements. By means of partial least-squares regression they could establish a link
between measured quantities and the mass fractions of the fibers and fines . Another
study [20], by O’Neill et al., used neural network analysis and multiple linear regression
to search for relationships between wood, pulp and paper properties.

Given the five original factors in the experimental design (Table 2.2), a model was
constructed, linking the responses to the variables in the model so that

Y = XA, (2.7)
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Table 2.5: Responses chosen to model with partial least squares regression.
Chosen responses Unit
Air resistance, Gurley s/100ml
Burst strength kPa
Porosity, Bendtsen ml/min
Sheet density kg/m3

Strain at brake %
Tear strength mN
Tensile energy absorption J/m2

Tensile strength kN/m
Tensile stiffness kN/m

where the 9 responses from the 32 experiments are stored as

Y =


y(1,1) y(1,2) · · · y(1,9)
y(2,1) y(2,2) · · · y(2,9)

...
...

. . .
...

y(32,1) y(32,2) · · · y(32,9)

 , (2.8)

and where the model matrix X is

X =


1 x(1,1) x(1,2) · · · x(1,3)x(1,4)x(1,5) · · · x(1,1)x(1,2)x(1,3)x(1,4)x(1,5)
1 x(2,1) x(2,2) · · · x(2,3)x(2,4)x(2,5) · · · x(1,1)x(1,2)x(1,3)x(1,4)x(1,5)
...

...
...

. . .
...

. . .
...

1 x(32,1) x(32,2) · · · x(32,3)x(32,4)x(32,5) · · · x(1,1)x(1,2)x(1,3)x(1,4)x(1,5)

 (2.9)

consisting of the constant terms, main terms and interaction terms up to, and including,
fifth order interaction terms. The matrix A (32 × 9) then contains the actual regression
coefficients that the partial least squares regression method can be used to find.

Partial Least Squares Regression or PLSR for short, is a multivariate regression tech-
nique that tries to iteratively maximize the covariance between the predictor variables
[21][13] (i.e the factors in this case) and the paper properties. This method has been
proven to be more efficient than other regression methods such as ordinary least squares
or principal component regression [22] when it comes to predicting new data [23]. Deter-
mination of the PLS components is performed step wise, iteratively finding the compo-
nents that explain the largest variance in the data. A walkthrough of all the necessary
steps to acquire the regressor matrix A is given in paper B.

2.4.1 Model validation

Similarly to the method used to validate the significance of the main and interaction
effects on the paper responses in chapter 2.3; a Monte Carlo simulation approach is used
also here. By modifying the PLSR algorithm in the following manner:
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• Take the measured response matrix, Y, and build a PLSR model.

• Use the model to estimate Ŷ.

• Add some Gaussian random noise to each of the responses, with a standard devia-
tion corresponding to the uncertainty of that given paper property.

• Compare the modeled responses to the simulated noisy measurement.

• Repeat 1000 times, to obtain an empirical distribution of the model errors.

• Estimate the standard deviation of the model errors.



Chapter 3

Results and Discussion

3.1 Comparing mill and laboratory pulp

There are differences between the kraft paper made in the laboratory and the mill made
paper, so to compare absolute values between them is not possible. This is not so sur-
prising since neither the refining processes nor the paper machines are identical. Distinct
trends found on laboratory paper can however still be noticeable on mill paper. For
example, laboratory made paper shows lower tensile properties because of the lack of
a HC-refining step and lack of a CLUPAK cylinder in the drying section. CLUPAK
cylinders are deployed in the drying stage and create a kind of micro crepe in the pa-
per, increasing the tensile properties. For more information regarding these cylinders the
reader is referred to the manufacturer’s homepage 1 .

On a more general note, one mill is never identical to another, meaning that trans-
ferring the results from a laboratory scale pilot to a full size mill is not possible. Also,
changes valid for one mill might not be valid for other mills. What is generalizable,
however, is the general methodology presented here. To apply designed experiments and
analyze which factor settings lead to similar paper properties could potentially result in
a more flexible mill operation. First of all, being able to respond to changes in the raw
material in the most cost effective way, without compromising with quality of the final
paper is important. Secondly, being able to specify what properties of the pulp that will
lead to the most efficient operation of the refiners and the paper machine would also
improve the overall plant efficiency.

3.2 Main and interaction effects

In paper A the influences of main effects as well as first order interaction effects were
analyzed for a few selected paper properties. The significance of the effects were validated

1www.clupak.ch
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with a confidence interval based on the empirical probability density function obtained via
the Monte Carlo simulations. The results of the Cobb analysis on the water absorption
levels is presented here, as an analysis example. A Cobb test determines a paper’s ability
to absorb water. The water absorption is measured in grams of water per square meter
(g/m2). The ’Cobb 60’ measurement is performed by pouring a predefined amount of
water onto a standardized size of paper and letting it stay there for 60 seconds. The
piece of paper is weighed before and after to deduce how much of the water that has
been absorbed.
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Figure 3.1: Influence of the main and interaction effects on the Cobb value relative to the mean
value of 29.6 g/m2, with error bars showing the 95% confidence interval. A:wood, B:cooking,
C:refining, D:starch, E:roll pressure.

The influences of the factor effects for the ’Cobb 60’ response are presented in Fig-
ure 3.1. Each bar represents how much influence each main effect, and interaction effect,
has on that specific response. The zero level on the y-axis represents the overall mean of
all 32 water absorptions measurements and the bars show how much the response changes
on average when factors go from their ’low’ to their ’high’ level [1]. All bars have error
bars that represent the 95% confidence interval for each effect. If an interval contains
the zero value, the conclusion is that changing the corresponding factor from its low to
its high level does not have any significant effect on the average response. Inspection
of Figure 3.1 shows that the Cobb response is significantly influenced by all the main
effects, except for roll pressure (E). Having a high level on wood type (A) and refining
(C) increases the water absorption, whilst higher levels of cooking time (B) and starch
additives (D) lowers the absorption levels. Amongst the interaction effects it can be
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noted that the positive effects AB and the negative effect BD are considered significant
as well.

Paper A also depicts the significant factor effects for a few other important paper
properties, such as porosity, tear strength and tensile strength.

3.3 Combinations that yield similar paper properties

Changing one factor level could in some cases be compensated for, by changing one or
two other factor levels. Paper A shows a few notable observations of how different factor
combinations potentially could lead to equal levels in some paper properties. As an
example consider a scenario in which a paper mill needs to switch wood resource from
saw mill wood chips, to chips from whole logs (i.e changing factor A from +1 to -1).
How would it then be possible to compensate for this change by means of the other
factors? Table 3.1 contains an outtake of four of the experimental papers, their factor
combinations and their measured E-modulus [24]. The first one has a high level on factor
A, i.e. the pulp was made from sawmill chips, and the other three experiments were
made from whole log chips. Experiment 2 has the same setup as experiment 1, albeit
with changed wood type. If nothing else but the raw material is changed the E-modulus
response decreases to 4.23 GPa, from 5.10 GPa. To keep the E-modulus in the same
range as before, the change in raw material can be compensated for by either increasing
the amount of refining (C), or by increasing the cooking time (B), marked in the table.
These three different papers will not have identical properties all together, but they will
all have nearly the same output level on the E-modulus.

Table 3.1: Outtake from the design and response matrix for the E-modulus, showing possible
factor combinations that compensate a change in wood resource.

Wood type Cooking Refining Starch Roll pressure E-modulus MD
Exp. A B C D E GPa (±2σ)

1 1 -1 -1 1 -1 5.10 (±0.72)
2 -1 -1 -1 1 -1 4.23 (±0.60)
3 -1 -1 1 1 -1 5.10 (±0.72)
4 -1 1 -1 1 -1 5.19 (±0.72)

Similarly if there is a scenario where a mill wants to lower the edge load in the refiner,
i.e go from +1 to -1 in factor C. Experiment 5 has a high amount of refining (C) and
achieves an E-modulus of 5.59 GPa. Experiment 6 has a low level of refining but all the
other factors remain unchanged, this setup gives a lower E-modulus response of 4.65 GPa.
The last two experiments (7 and 8) also have a low level of refining but by changing the
levels of some other factors the same E-modulus as in experiment 5 can be maintained.
For experiment 7 the lower refining effort can be compensated for by switching wood



22 Results - Discussion

resource from whole log chips to sawmill chips (A) and by decreasing the amount of
starch (D). Alternatively, like in experiment 8, it is possible to increase the cooking time
(B) and decrease both the starch additives (D) and roll pressure (E), and achieve an
E-modulus of 5.57 GPa. The factor level changes that compensate for the decreased
refining effort are marked blue in the table.

An important thing to keep in mind here is that although the level of E-modulus is
able to be maintained by changing other factors, some other paper property levels are
bound to change due to these factor changes.

Table 3.2: Outtake from the design and response matrix for the E-modulus, showing what factor
combinations can compensate for decreasing the edge load in the refiner.

Wood type Cooking Refining Starch Roll pressure E-modulus MD
Exp. A B C D E GPa (±2σ)

5 -1 -1 1 1 1 5.59 (±0.78)
6 -1 -1 -1 1 1 4.65 (±0.66)
7 1 -1 -1 -1 1 5.60 (±0.78)
8 -1 1 -1 -1 -1 5.57 (±0.78)
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3.4 Connecting process variations to paper proper-

ties

A PLSR model was constructed, connecting the extended model matrix X (containing
main effects as well as all higher order interaction effects) to the response matrix Y
consisting of the 9 selected responses (Table 2.5). Using three PLS components yielded
a model with an R2 ≈ 0.88, for higher model orders the sum of squares of the pre-
diction errors from the Monte-Carlo simulations started to increase again, indicating
over-parametrization of the model.
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Figure 3.2: Measured vs modeled tensile energy absorption for the 32 experiments. The hori-
zontal (blue) error bars denote the ±σ interval of the measured quantity, as stated by the mea-
surement standards used. The vertical (red) error bars denote the corresponding ±σ interval
for the modeled quantity, given by the Monte-Carlo simulations.

The results of the model of the tensile energy absorption (TEA) is presented here as
an example. TEA is defined as the integral of the tensile force and sheet elongation up
to the point of breaking, expressed in J/m2, it is a very important property for a lot of
kraft paper products. It is closely related to the E-modulus and has also been shown to
be related to the tensile strength of the pulp [25]. More PLSR models, of porosity, tear
strength and tensile strength, can be found in paper B. Figure 3.2 shows the measured
TEA values versus the modeled ones. It shows that it is possible to predict the TEA
property, with almost all of the σ intervals incorporating the straight line. However,
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due to the significant uncertainty in the measurements of the properties, one should be
cautious in drawing conclusions based on this. But it is clear that there is a strong
correlation between the factors and the measured paper properties, otherwise the data
in Figure 3.2 would not lie along the straight line. Thus it makes it possible to utilize
the model to predict how changes in the factors affect the different paper properties.
The predictive model also opens up the opportunity to simulate what happens when the
factor levels are somewhere in-between +1 and -1. For example if factor A is forced to
to have mixture of 70% saw mill chips and 30% whole log chips. The model takes all of
the interaction effects into account.

If the corresponding models are calibrated (probably with more factors) for a paper
mill. In the long run it might also be possible to train process operators to understand
what happens if you vary the factor levels. As the interaction effects are included in the
model, it will instantly show where you can NOT optimize by tuning one at a time.

3.5 Relating paper properties to each other

By aid of the partial least squares model, depicted in the preceding section, it is also
possible to visualize the correlation among the paper properties themselves. By plotting
the scores and loadings of the PLS components, together in the same figure, it is pos-
sible to analyze connections and correlations between experiments as well as measured
properties. These types of figures are often referred to as biplots [26]. In these plots the
measured properties are portrayed as lines or arrows (the loadings), and the experiments
are plotted as points (the scores). The length of the arrow is proportional to the variance
of the response, and the cosines of the angle between arrows represent the correlation
between original response variables. In other words if two properties point in the same
direction they are strongly correlated. If they point in the opposite direction it means
they have a strong negative correlation. In general, the lower the correlation, the closer
to a 90◦ angle between them.

To put forth a readily understandable example, the PLSR was performed on a smaller
portion of the original data set, to achieve a biplot that is easier to interpret. 8 exper-
iments were modelled instead of 32, by keeping a constant high level on wood type as
well as starch additives and only varying cooking time, refiner edge load and roll pressure
(i.e 23 = 8 experiments instead of 32). This yielded a model where two PLS components
gave an R2 ≈ 0.86.

Looking at the biplot of the model, on this reduced data set, in Figure 3.3, it can
be seen that porosity and the tear strength are quite heavily correlated. Right across
from those properties lies air resistance which means it is negatively correlated to the
porosity. This is a sound observation because air resistance and porosity measure the
same attribute in the paper, but through inverse methods. Porosity measures the flow of
air through a paper while air resistance is a measure of the time it takes for a specified
amount of air to flow through. Orthogonally to these measured properties lies a cluster of
other properties, namely tensile energy absorption, strain at brake, tensile strength and
also tensile stiffness. Having a perpendicular relationship, or close to a 90◦ angle, means
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Figure 3.3: Biplot for PLS components one and two. The blue arrows are related to the loading
vectors of the response matrix. The red dots are the scores, each symbolizing one of the 8
experiments in the reduced dataset.

the properties are uncorrelated. This also means that the tensile properties of these 8
experiments potentially can be altered independently of the tear strength, porosity and
air resistance.

Turning the attention to the dots in the figure, for example experiment number 8.
That experiment lies right between the arrow tips of the porosity and the tear strength,
this means that that specific experiment has high values of porosity as well as tear
strength. Looking up the factor settings of that specific experiment shows it was created
with longer cooking time, lower level of refining edge load and low level of roll pressure.
Going from number 3 to 4, the only factor that has changed is the roll pressure, from high
to low, which seems entirely reasonable. If we look at the response matrix, we see that
Air resistance Gurley decreases from 2.2 to 1.6, which is quite reasonable. Considering
the tensile energy absorption it should not change if just the roll pressure is changed.
Between experiment 3 and 4 the tensile energy absorption only changes from 74.7 to 73.6
kN/m.

In general if a point lies in the direction of an arrow that experiment exhibits either
high or low values of that specific property, depending on the direction of the arrow.

Since the properties can not be controlled independently of one another, this final
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step of analyzing the correlation between the different paper properties is important, in
order to be able to understand how the process may be steered to achieve desired paper
properties.

The results here are from a limited laboratory study, but the methodology presented
is generally applicable to specific plant conditions.



Chapter 4

Contributions and Conclusions

Here is a short summary of the included papers in this thesis. Accompanied by declara-
tions of personal, as well as other people’s, contributions to the presented work.

4.1 Paper A - Factorial Study of Connections Be-

tween Process Variables and Kraft Paper Qual-

ity Properties

Authors: Mikael H̊akansson and Johan E. Carlson
Accepted for publication in Nordic Pulp and Paper Research Journal, in press.

Summary and conclusions

Based upon the data of a large scale series of factorial designed experiments, this paper
presents a study of connections and correlations between chosen process factors and
important kraft paper properties. The primary results presented in the paper are:

• Brings to light the interaction effects that may affect the outcome of different paper
properties.

• Method of utilizing a Monte Carlo simulation approach to measure the significance
of factor effects.

• Presents different ways in which factor combinations may be utilized to reach de-
sired output levels.

Personal contribution

Calculations, analysis and interpretations of the data, in discussions with co-author.
Johan E. Carlson accounted for most of the Matlab code needed to analyze the ex-

perimental data, as well as constructive comments and input.
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4.2 Paper B - Predictions of Key Kraft Paper Prop-

erties from Process Variations - A Multivariate

Approach

Authors: Mikael H̊akansson and Johan E. Carlson
Submitted to Nordic Pulp and Paper Research Journal

Summary and conclusions

Shows how it may be possible to build models, linking process variables to paper proper-
ties, through partial least squares regression. Nine selected paper properties are modelled
and analyzed by the use of biplots, in order to understand how the process can be steered
towards certain desired paper properties.

Personal contribution

Calculations as well as analysis and interpretations of the data.
Johan E. Carlson contributed with the core Matlab files for PLSR needed to analyze

the experimental data, as well as constructive comments and input.



Chapter 5

Future Work

Four different paths are to be investigated in the near future, as a continuation of the
work presented in this thesis.

5.1 In-depth analysis of factor effects

The results presented in paper A, concerning the significance of the factor effects need
to be investigated more. The current analysis has been looking at the significance of the
factor effects on average changes over all 32 experiments. For example for the E-modulus
response, in which wood type (factor A) showed to have an overall positive effect on the
E-modulus. Even so, amongst the experiments with a high level on factor A there are
still certain experiments were the E-modulus response was as much as 14% lower and
30% higher than average. So further investigation is needed to:

1. Further investigate the underlying structures of these significant effects.

2. Explain how different levels on other process factors can have an undesired effect
on laboratory designed experiments if these other factor levels are not accounted
for.

5.2 Connecting desired paper properties to process

variables, and not the other way around

So far the modeling capabilities has led to the possibility of simulating how changes
in process variables affect the paper properties. This is of interest since it enables the
operators to simulate and predict the effect of different operating scenarios. An exten-
sion, possibly of even more use to the plant operators, would be the opportunity to go
backwards through the model, i.e. to tune process variables in order to achieve desired
product properties.

29
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With all of the paper properties being so heavily correlated to one another, as seen
in the biplot from the PLS analysis (Figure 3.3), the challenge lies in unraveling how the
different properties are connected, since they can not be controlled separately.

5.3 Study focused on the refining process

So far only the mill wide process has been studied. It would be interesting to make a more
detailed study on one of the most energy demanding process steps in the papermaking
process, namely the refining stage [27]. A research project is being planned; where the
possibilities of combining physical process models together with statistical models of
the refining process, is to be investigated. The different types of model approaches the
process from different angles;

• Physical models: tries to explain the inner workings of specific refiners; quantifying
energy utilization or material flows within the refiner.

• Statistical models: Connects quality parameters such as paper properties, fiber
properties or other production related quantities before and after the refiner.

These approaches are often deployed seperately, proposing the investigation of a hy-
brid approach where these two different approaches may be combined; linking the product
properties to actual physical refiner properties.

5.4 Upscaling the predictive modelling

The predictive models have so far only been tested via simulated replication, and the
model itself is based on experimental data. An important continuation here would be to
investigate by which means it may be possible to transfer the results to full scale paper
mills, or in between mills with related process setup.

For example in [28], Muñoz et al. proposes a technique to solve the product transfer
problem using something they call a Joint-Y PLS (JYPLS) model and shows an example
of an industrial scale-up case for a batch pulp digester from the pulp and paper industry
. In [29], a study by Jaeckle et al. they approach the upscaling problem by using
historical data available on the process operating conditions and on the corresponding
product quality. finding a window of process operating conditions within which a product
with specified quality characteristics can be produced, by means of linear PLS modeling.
The same concept is also used in [30], by Jaeckle et al., but applied to the problem of
moving the production of a particular product grade from a plant A to another plant B
when both plants have already produced a similar range of grades.
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[28] S. G. Muñoz, J. F. MacGregor, and T. Kourti, “Product transfer between sites using
Joint-Y PLS,” Chemometrics and Intelligent Laboratory Systems, vol. 79, no. 1-2,
pp. 101–114, 2005.

[29] C. Jaeckle and J. Macgregor, “Industrial applications of product design through
the inversion of latent variable models,” Chemometrics and intelligent laboratory
systems, vol. 50, no. 2, pp. 199–210, March 2000.

[30] C. Jaeckle and J. MacGregor, “Product transfer between plants using historical
process data,” AIChE Journal, vol. 46, no. 10, pp. 1989–1997, October 2000.



34 References



Part II

35



36



Paper A

Factorial Study of Connections
Between Process Variables and
Kraft Paper Quality Properties

Authors:
Mikael H̊akansson and Johan E. Carlson

Reformatted version of paper accepted for publication in:
Nordic Pulp and Paper Research Journal, in press

c© 2014, Nordic Pulp and Paper Research Journal, Reprinted with permission.

37



38



Factorial Study of Connections Between Process

Variables and Kraft Paper Quality Properties

Mikael H̊akansson and Johan E. Carlson

Abstract

By investigating how properties of a finished paper product are related to different process
variables as well as pulp characteristics throughout the fiber line, the understanding of the
process will increase. In this paper we investigate the correlation between some key paper
quality parameters and five tunable process variables, along the entire fiber production
line. A full two-level factorial experiment has been conducted, where five factors were
varied. The factor settings were based on a laboratory replica of a specific kraft mill’s
paper product. The mill replicate was then used as a center point in the factorial design
and appropriate levels of the factors were set based on these center points. Several
experimental runs could be simulated via a Monte Carlo approach making it possible to
get a reliable estimate of the significance of each factor effect. Analysis of the results shows
that there are interaction effects present between variables, and that these interaction
effects can be utilized to achieve similar paper properties using different variable settings.

1 Introduction

This experimental study is the first step in a larger research project in collaboration with
the pulp and paper industry in the northern region of Sweden. The goal of the project
is to identify which variables that are the most critical for the product quality and cost
efficiency of the products of the participating mills. The long-term goal is to develop
methods for measurement of these parameters on-line and to control the process based
on these measurements, achieving higher runnability, lower process variations and lower
resource consumption.

In this paper, we present the results of the initial undertakings in the project: Based
on a laboratory replica (going from wood chips to finished paper) of one the involved
mill’s products, a factorial design experiment was set up at a laboratory pilot plant. The
laboratory replica has been used as the center point in this design, and the idea is to
evaluate how changing a number of process variables around this working point will affect
some key properties of the finished paper. There are several advantages of conducting
the experiments in a laboratory environment:

• The first is that it is possible to obtain results that are generalizable beyond a
specific paper mill.

• Variables can more easily be held constant.
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• It is possible to stress the process to a larger extent than what would be possible
at a paper mill during production.

• It is much more cost efficient compared to performing the experiments at a live
paper mill.

The process, from wood chips to finished paper, involves many variables that can be
adjusted, much too many to be studied simultaneously in a laboratory experiment. It
would be tempting to select a large number of these variables, and to tune them one by
one in order to optimize the process. This will, in the vast majority of processes, lead
to misleading results and suboptimal settings. The main reason for this is the presence
of variable interaction effects. This means that the process variables do not affect the
target quality parameters independently, but the effect of changing one variable will
depend on the current level of one or more of the other variables. The most efficient
way to identify and quantify these interaction effects is by using some sort of factorial
experimental design ([1]). Such a design means assigning the variables (factors) different
typical levels to be tested, and then constructing a table of all possible combinations of
the factor settings. This rapidly leads to experimental designs consisting of many more
experiments than what is practically or economically feasible. Hence, there is a need to
limit the scope of the experiments in some way.

Earlier publications in the field have investigated how differences in the raw material
can affect the pulp and paper properties in different ways. Marklund et al.[2] (1998)
performed multivariate data analysis (MVDA) on a set of wood samples gathered from
different species, geographic origin, wood density and different parts of the tree (root
stem and top) in order to predict the strength parameters of softwood kraft pulps. Both
beating and fiber properties proved to be important for the strength parameters. Drost
et al.[3] (2003) examined how variations in fiber characteristics in different species of
wood affected the kraft pulp strength parameters. Their results showed that pulps from
juvenile wood had superior beatability, while pulps from mature wood exhibited higher
tear due to their longer fiber length. Mariani et al.[4] (2005) studied the importance
of heartwood fibers in kraft pulp made from Eucalyptus nitens. They found that the
mechanical strength, tensile strength, and burst index were higher for pure heartwood
than for pure sapwood pulp. These studies all focused primarily on varying one factor at a
time in the process and analyzing what effect it had on some specific response parameter,
or on the pulp making process rather than the entire fiber line. The experiments were
planned as a full two-level factorial design, which enables us to study not only the effect of
individual factors, but also interaction effects between them. An interesting consequence
of the interaction effects is, as will be shown, that several factor combinations lead to
similar properties of the final paper, which from a process optimization point of view is
highly interesting.
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2 Materials and methods

In this paper, the study is limited to consist of five factors (process variables). Each of
these are then assigned one low level and one high level, with the laboratory replica of
the mill product as a center point (between the high and the low level). As a result,
this two-level factorial design will consist of 25=32 experiments plus the center point.
(Montgomery 2009). The cooperating mill is a kraft pulping mill that utilizes batch
cookers. They mainly produce sack kraft paper varieties, with the majority of their raw
material made up of Swedish Scots pine. The specific product that the laboratory replica
is based upon is unbleached kraft paper.

Samples of wood chips, pulp, and finished paper for the specific product were taken
at the mill. Relevant process data related to our samples were also logged and used in
conjunction with sample analysis, as a basis for the construction of the laboratory replica.
This involves tuning the laboratory digester, refiner, and paper machine using samples
taken at the paper mill, creating an as close as possible copy of the mill’s product. This
laboratory replica was then used as a basis for designing the factorial experiment ([1]).

Table 1: Analysis methods for analyzing the pulp and paper properties.
Analysis Method
Kappa SCAN-C 1:00
Viscosity SCAN-CM 15:88
Degree of beating ISO 5267-1:2000
Sheet density ISO534:2005
E-module ISO 1924-3:2005
Tensile strength ISO 1924-2:2005
Tear strength ISO 1974:1990
Porosity, Bendtsen ISO 5636-3:1992
Air permeans, Gurley ISO 5636-3:1992
Air resistance, Gurley ISO 5636-3:1992

2.1 Mill reference and laboratory equipment

A number of samples were collected at the mill at different points along the fiber pro-
duction line. These samples were then analyzed using standardized test methods. Table
1 lists the analysis methods for the properties discussed in this paper. The chip samples
were gathered from the conveyor transporting wood chips from the screening section to
the digesters continuously over a period of three hours. During the same time the pulp
samples of both refined and unrefined pulp were collected, with a sampling interval of
20 minutes, from the low consistency (LC) refiner outlet and the storage tower. Samples
of the paper product were collected from the tambour rolls of finished paper during the
same timeframe. Pulp yield of the samples taken from the mill could unfortunately not
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Table 2: Laboratory digester cooking conditions
Prestaming Temp. profile
100◦C, 10min 100-140◦C, 20min

140-174◦C, 40min
174◦C, 10-20min

be measured. Instead the carbohydrate compositions of the different pulps were exam-
ined. The hemicellulose content (or glucomannan for the most part) in the pulp is known
to have a linear relationship to the pulp yield, so the quantity of hemicellulose in the
pulp can be used to estimate the pulp yield ([5]). The Hemicellulose content of the mill
samples and the laboratory pulp were 20.7% and 20.5%, respectively, indicating that the
yield of laboratory pulp is comparable to that of the mill.

The laboratory batch digester uses insert baskets, which allows for different chip
batches to be cooked simultaneously, using the same digester configuration, while still
being kept separated from each other. A simple reference cooking scheme was used that
mimics the current running scheme used at the mill’s paper machine. All of the batches
were run with the same cooking conditions, i.e. an alkali level of 21.0% and liquor to wood
ratio of 4.6 l/kg. Temperature profile and pre-steaming setup concerning the experiments
can be seen in Table 2. After presteaming, the cooking curve ramps up in two stages
and the time spent at maximum cooking temperature is one of the factors varied in the
factorial design.

For the refining step an Escher-Wyss conical lab refiner was used. This is considered
to have a very good resemblance to production scale LC refining. The laboratory is
unfortunately limited to only this LC refining step, unlike the paper mill, which utilizes
both LC and HC refiners in their refining stage.

Added chemicals included ASA-sizing, alum and starch. The type of starch used is
cationic tapioca starch. Most of the starch gets added right after the machine chest,
0.1% starch is added together with the ASA sizing just before the headbox. The pulp
concentration is 0.6% at both the locations where starch is added to the furnish.

The laboratory experimental paper machine (called XPM for short) is a greatly scaled-
down version of an ordinary paper machine, but it still has a high resemblance to an
ordinary paper machine and comprises all of the common sections:

• Machine chests for preparing different batches of furnish.

• Forming section with a headbox and a 225 mm wide fourdrinier wire equipped with
white water recirculation.

• Press section with three steel rolls, i.e. two press nips.

• Drying cylinders

• Calender section
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Table 3: Setup used in the factorial design.
Factors Low Center High
A: Wood type Whole log 50/50 Sawmill chips
B: Cooking time 10 min 20 min 30 min
C: Refining 0.7 Ws/m 2.5 Ws/m 4.5 Ws/m
D: Starch 0.1% 0.3% 0.5%
E: Roll pressure 3 kg/cm2 4.5 kg/cm2 6 kg/cm2

Lambert et al.[6] (2009) describes how the experimental paper machine can be utilized
for measuring various paper properties. More information concerning the laboratory
equipment can be found on the research company’s homepage 1 . Compared to the
mill’s paper machine the most significant difference in our case, apart from the sheer size
difference, is the lack of a CLUPAK cylinder. These types of cylinders are deployed in
the drying stage and create a kind of micro crepe in the paper, increasing the tensile
properties. For more information regarding these cylinders the reader is referred to the
manufacturer’s homepage 2.

2.2 Experimental Design

The five factors included in the design were; wood type, cooking time, refining (edge
load), amount of starch, and paper machine roll pressure. These five factors and their
different levels are shown in Table 3. For the high and low levels the wood chips were
from Scots pine and for the center points a mixture with equal amounts of both sawmill
chips and whole log chips were used. Chosen levels of cooking time resulted in papers
with kappa numbers between 37.9 and 40.5 for the high level, and 48.8 and 50.4 for the
low level. Refining was conducted in such a way that the beaten pulp in both cases had
approximately the same freeness levels, or degree of beating (Schoppe-Riegler), so both
the refining energy input and the refining time were different for each combination of
wood type, cooking time and refining. The achieved refining energy levels are presented
in Table 4. On average for all responses the achieved degree of beating was 20.0◦ SR with
a standard deviation of 0.5. Starch and roll pressure were set to appropriate high and
low levels, within the scope of what was feasible with the laboratory equipment. Apart
from the cationic tapioca starch the other added chemicals; alum and ASA sizing were
kept constant at 0.42% and 0.05% respectively in all of the experiments.

For the finished papers a total of 27 measured responses (quality parameters) were
acquired for each experiment. A few of these 27 responses are especially important for
kraft paper products. For instance:

• Porosity

• Tear index

1www.more.se/en/pilot-films
2www.clupak.ch
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Table 4: Experiments refining energy output.
A B C Refining energy

kWh/ton
1 1 1 183.8
1 1 -1 245.0
1 -1 1 210.0
1 -1 -1 318.5

-1 1 1 157.5
-1 1 -1 163.0
-1 -1 1 157.5
-1 -1 -1 202.2

• Tensile index

• E-modulus

The use of a two-level factorial design means that 25=32 possible combinations of
the factors are tested. Such a design enables us to estimate all main effects and all
interaction effects. A general description of the basics of factorial design can be found in
the appendix. The appendix also contains the specific experimental design matrix used
in the analysis (Table A-2), with the five main effects as well as the first order interaction
effects. The factorial experimental design presented here did not involve any replicates
of the design as a whole. Each of the responses was however measured several times
according to the standardized test procedures. From these, an estimate of the standard
deviation was obtained for each of the responses.

2.3 Monte Carlo simulations

In order to test for the significance of each of the effects, a numerical Monte Carlo
simulation was constructed. In the simulation, the measured average responses and
their corresponding standard deviations were used to generate a large number (2500)
of simulated experimental runs. All responses were varied in each simulation and the
variations were all simulated by adding zero-mean white Gaussian noise with standard
deviations according to the uncertainty of the measured data. This made it possible
to obtain an empirical probability density function for all of the estimated effects. A
95% confidence interval could be computed from the 2.5% and 97.5% percentiles of these
distributions. If the confidence interval contains the zero value, the effect cannot be
assumed to be significant but could be explained by the uncertainty in the measurement
of the corresponding response variable.

The advantage of the Monte Carlo approach is that it is no longer needed to assume
the effects are normally distributed in order to test for their significance. Neither is it
needed to assume that all responses have the same standard deviation in order to test
for the significance. This makes the Monte Carlo simulation approach less sensitive to
these types of model assumptions.
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3 Results

3.1 Factor effects

Figures in this section show the main effects and the interaction effects for a few different
responses. Each bar represents how much influence each main effect, and interaction
effect, has on that specific response. The zero level on the y-axis represents the overall
mean of all 32 measurements of the respective response and the bars show how much
the response changes on average when factors go from their ’low’ to their ’high’ level
(Montgomery 2009). All bars have error bars that represent the 95% confidence interval
for each effect. If an interval contains the zero value, the conclusion is that changing the
corresponding factor from its low to its high level does not have any significant effect on
the average response.
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Figure 1: Influence of the main and interaction effects on the tear index MD relative to the
mean value of 11.6 mN m2/g with error bars showing the 95% confidence interval. A:wood,
B:cooking, C:refining, D:starch, E:roll pressure.

The tear index MD (machine direction), as seen in Fig 1, has four significant effects;
wood type (A), cooking time (B), refining (C), and the interaction between wood type
and refining (AC). The wood type (A) is the most important factor for the tear index,
i.e. using sawmill chips leads to an average increase of over 15% on the response. Chips
coming from sawmills mainly consist of sapwood, and sapwood fibers are both longer
and thicker than heartwood fibers and also possess greater coarseness values [3]. These
types of fibers are beneficial for creating stronger webbing in the paper, which in turn
will make the paper more resilient against tear. The interaction effect between wood type
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Figure 2: Influence of the main and interaction effects on the E-modulus response relative to
the mean value of 5.2 GPa, with error bars showing the 95% confidence interval. A:wood,
B:cooking, C:refining, D:starch, E:roll pressure.

and refining (AC) is also deemed significant which indicates that the positive benefits
of using saw mill wood chips are actually decreased if combined with a higher degree of
refining. This makes sense if the length and thickness of the sapwood fibers are the cause
of the increased tear index, since the increased refining will break more of the fibers. For
the E-modulus (Fig 2) response the effects that are deemed significant are wood type
(A), cooking time (B), refining (C) and roll pressure (E), all the other factors’ error bars
contain the zero value and are therefore deemed insignificant. Amount of starch (D)
is not considered significant, implicating that the amount of starch additives does not
affect the E-modulus to any extent, and that the higher factor level is preferable on all
the other factors. The porosity (Bendtsen) has many contributing significant factors, as
can be seen in Fig 3. All of the main effects are deemed important, along with three
of the interaction effects. The main effects that stand out the most are wood type (A),
refining (C) and starch (D). Increased refining seems to have a very negative effect on
the porosity. There is a distinct significant interaction effect between wood type and
refining (AC), with refining (C) decreasing the positive effects of changing wood type
(A). An interaction effect between wood type and starch (AD) is also apparent; the
effect of having the higher amount of starch (D) is larger when wood type (A) is high
(cooked using sawmill chips). Also notable is that the effects of cooking time (B) and
refining (C) are affected by a negative interaction effect (BC). The tensile index MD
(machine direction) is presented in Fig 4. It has three effects that can be considered
significant, but they are all borderline insignificant. Because of this it is dangerous to
draw any conclusions on the importance of these factors. Although the significance of
the interaction effect between wood type (A) and starch (D) implies that the addition of
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Figure 3: Influence of the main and interaction effects on the porosity response relative to mean
value of 3.0 l/m, with error bars showing the 95% confidence interval. A:wood, B:cooking,
C:refining, D:starch, E:roll pressure.
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Figure 4: Influence of the main and interaction effects on the tensile index in the machine
direction relative to the mean value of 88.5 Nm/g, with error bars showing the 95% confidence
interval. A:wood, B:cooking, C:refining, D:starch, E:roll pressure.
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Figure 5: Influence of the factor effects relative to the mean value of 88.3 Nm/g on the ten-
sile index, without the starch factor. Error bars show the 95% confidence interval. A:wood,
B:cooking, C:refining, E:roll pressure.

starch decreases the effects of cooking with sawmill chips. To test this hypothesis, a new
regression model, containing only the 16 experiments with ’low’ starch levels, was made
(Fig 5). Excluding the starch in this manner gave a model where the only significant
effect turned out to be the wood type (A) factor, with sawmill chips having an overall
positive effect on the average tensile index MD response.

3.2 Factor levels resulting in similar qualities

This section highlights a few notable observations of how different combinations of the
factors can lead to equal levels of quality.

Suppose that there is a scenario in which the paper mill has to switch wood resource
from sawmill chips to whole log chips. In what manner could it then be possible to steer
the papermaking process in order to maintain the same level of some quality parameter
of the paper? The upper portion of Table 5 contains an outtake of four experiments
from the factorial design; three of them resulting in essentially the same value for the
E-modulus MD (machine direction) and one with a lower response. The first one has a
high level on factor A, i.e. the pulp was made from sawmill chips, and the other three
experiments were made from whole log chips. If nothing else but the raw material is
changed the E-modulus response decreases to 4.23 GPa, from 5.10 GPa. To keep the
E-modulus in the same range as before, the change in raw material can be compensated
for by either increasing the amount of refining (C), or by increasing the cooking time (B),
marked red in the table. These three different papers will not have identical properties
all together, but they will all have the same response level on the E-modulus. Likewise
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Table 5: Outtake from the design and response matrix, containing experiments with equal levels
on the E-modulus.

Wood type Cooking Refining Starch Roll pressure E-modulus MD
A B C D E GPa (±2σ)
1 -1 -1 1 -1 5.10 (±0.72)
-1 -1 -1 1 -1 4.23 (±0.60)
-1 -1 1 1 -1 5.10 (±0.72)
-1 1 -1 1 -1 5.19 (±0.72)
-1 -1 1 1 1 5.59 (±0.78)
-1 -1 -1 1 1 4.65 (±0.66)
1 -1 -1 -1 1 5.60 (±0.78)

-1 1 -1 -1 -1 5.57 (±0.78)

if we look at the lower half of Table 5 and imagine a situation where a mill wants to
lower the refining effort but at the same time maintain the same E-modulus. The first
row has a high amount of refining (C) and achieves an E-modulus of 5.59 GPa. Row
number two has a low level of refining but all the other factors remain unchanged, this
setup gives a lower E-modulus response of 4.65 GPa. The last two experiments both have
a low level of refining but by changing some of the other factors, the same E-modulus
as in the first experiment can be maintained. In one case the lower refining effort can
be compensated for by switching wood resource from whole log chips to sawmill chips
(A) and by decreasing the amount of starch (D). Alternatively it is possible to increase
the cooking time (B) and decrease both the starch additives (D) and roll pressure (E),
thereby achieving an E-modulus of 5.57 GPa. The factor level changes that compensate
for the decreased refining effort are marked blue in the table.

Just as for the E-modulus, there are several factor settings resulting in similar values
of the tear index MD (machine direction), see Table 6. Despite that these eight factor
combinations are different, all still result in roughly the same value for the tear index
MD (around 11.6 mNm2/g). For example the experiments on row three and six (marked
red) have different wood types, refining levels and roll pressures. The upper one is made
with sawmill chips, has a high level of refining and a lower roll pressure, whilst the lower
experiment has the inverted setup; whole log chips, low refining and high roll pressure.
This suggests that a paper made with mostly sapwood fibers together with a higher
degree of refining and a lower roll pressure will be equally tear resistant as a paper made
with more heartwood fibers, lower degree of refining and a higher of roll pressure.

Likewise there exist a number of experiments where the resulting papers have equal
porosity (Bendtsen). Table 7 has an outtake of eight experiments, all with similar porosity
values but originating from different factor combinations. As an example there are two
marked experiments that have different Cooking time (B) and roll pressure (E) levels.
Apart from that they share the same factor setup. These two experiments suggest that
if the cooking time is lowered an increased level of roll pressure would generate a paper
with an equal level of porosity.
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Table 6: Experiments with similar output levels on the tear index MD response.
Wood type Cooking Refining Starch Roll pressure Tear index MD

A B C D E mN m2/g (±2σ)
1 -1 1 1 -1 11.9 (±1.6)
1 -1 -1 1 1 11.7 (±1.6)
1 1 1 1 -1 11.6 (±1.6)
1 1 1 -1 1 11.3 (±1.4)
-1 1 1 -1 -1 11.6 (±1.6)
-1 1 -1 1 1 11.5 (±1.6)
-1 1 -1 -1 1 11.6 (±1.6)
-1 1 -1 -1 -1 11.4 (±1.4)

Table 7: Outtake of experiments with similar output levels on the Porosity response.
Wood type Cooking Refining Starch Roll pressure Porosity

A B C D E ml/min (±2σ)
-1 1 -1 1 -1 3100 (±400)
-1 -1 -1 1 1 3000 (±400)
-1 -1 -1 -1 -1 3000 (±400)
-1 1 1 1 1 3000 (±600)
-1 1 1 -1 -1 3000 (±400)
1 -1 1 -1 -1 2900 (±400)
1 1 1 1 -1 2800 (±400)
1 -1 -1 -1 1 2600 (±400)

4 Discussion

The replication of the paper mill’s product showed that laboratory and mill cooked pulp
have comparable properties. There are differences between the kraft paper made in the
laboratory and the mill made paper, so to compare absolute values between them is
not possible. This is not so surprising since neither the refining processes nor the paper
machines are identical. Distinct trends found on laboratory paper can however still
be noticeable on mill paper. For example, laboratory made paper shows lower tensile
properties because of the lack of a HC-refining step and lack of a CLUPAK cylinder in
the drying section.

The two different levels of wood type in the factorial design were chosen to represent
the common ways in which a paper mill receives its resource. Either the wood chips come
transported from sawmill or the mill has its own wood yard and produces wood chips by
themself. The cooking time levels were set to achieve a perceptible difference in kappa
number, by adjusting the time at maximum cooking temperature in the digester. It is
also important to note that the starch retention levels are unknown in this study. Even
if the exact same amount of starch is added for every experiment there will still be a
varying amount that gets washed out with the white water.
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On a more general note, one mill is never identical to another, meaning that trans-
ferring the results from a laboratory scale pilot to a full size mill is not possible. Also,
changes valid for one mill might not be valid for other mills. What is generalizable,
however, is the general methodology presented here. To apply designed experiments and
analyze which factor settings lead to similar paper properties could potentially result in
a more flexible mill operation. First of all, being able to respond to changes in the raw
material in the most cost effective way, without compromising with quality of the final
paper is important. Secondly, being able to specify what properties of the pulp that will
lead to the most efficient operation of the refiners and the paper machine would also
improve the overall plant efficiency.

An important thing to consider about the figures presented in the results section is
that the bars represent the average effect on the response; as such a very high bar does
not necessarily mean that the higher level is preferable for all factor combinations. For
example, the E-modulus showed an overall positive effect from the higher level of wood
type (A), but amongst these experiments with a high level on wood type there were still
certain experiments where the E-modulus was as much as 14% lower and 30% higher
than average.

The positive influence of sawmill wood chips on the tensile index MD, when starch
was kept at the low level, (as seen in Fig 5) is interesting because it is the opposite
to what both [3] and [4] found in their studies. Their experiments with hand-sheets of
different wood species showed that pulp from whole log chips led to an increased tensile
index MD compared to pulp from sawmill chips. More analysis is needed to safely say
what the reason for this could be.

In the current analysis, all 27 response variables have been analyzed separately, and
for each of them, a set of factors influencing the response has been determined. In
practice, however, it is reasonable to assume that some of the responses are strongly
correlated and therefore will not vary independently but as groups. It would therefore
be of interest to study:

• Which responses group together,

• Which factors affect these groups, and in what way.

This can be done by means of Principal Component Analysis (PCA) [7] or Partial
Least-Squares (PLS) ([8] and [9]), which will be the topic of future research.

In this paper, the significance of the effects was tested using a Monte-Carlo simulation
approach. This differs from the methods conventionally used. The most common, and
probably the best way to assess the significance, is to perform several full replicates of
the entire design. Based on these replicates, the standard deviation of the responses,
and hence the estimated effects, can be estimated and used for statistical tests of effect
significance. When there are no replicates available, a common approach is to use all
higher-order interaction effects (three-, four-, and five-factor interactions) as a measure
of the noise, since these are rarely considered active. This method requires, however, the
standard deviation to be constant for each response, which is not the case in the present
study. For this reason, it is better to use the actual uncertainties, and based on these,
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to simulate an empirical probability density function for each of the estimated effects, as
described in the Monte Carlo simulations section.

5 Conclusions

By conducting a designed experiment, where all the variables under investigation are var-
ied simultaneously, we show that evident interaction effects between these variables are
present. The presence of these interaction effects means that the effect of changing one
variable depends on the current level of other variables. As a result, similar paper prop-
erties can sometimes be achieved using different settings of the variables. This awareness
could enable the mill to compensate for variations in the incoming wood resources, such
as seasonal variations or wood arriving from different suppliers. It also opens up for the
possibility to run the process in a more cost-efficient way, for example by optimizing the
mill’s product transitions or product grade changes, still maintaining the same quality
of the finished paper.

We were able to create and simulate several experimental runs using a Monte Carlo
simulation approach, which made it possible to test the significance of each effect despite
that the standard deviation was different for each response.

Analyses of the experiments show that one of the most significant effects for many
of the paper properties comes from changing the type of chips. Almost all measured
paper properties seemed to benefit (on average) when sawmill chips were used instead of
chips from whole logs. Also, contrary to some earlier publications in the field, the higher
amount of juvenile fibers did not seem to benefit the tensile properties of the paper.
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A Appendix

A.1 Factorial design fundamentals

The main effect of a factor in a factorial design is defined as the average change in a
response caused by changing the factor from its low to its high level, seen across all
combinations of the other factors [1].

Consider a two-level factorial design with two factors A and B, at high and low levels
denoted 1 and -1, stored in a model matrix X (Table 8) Then the main effect of factor A
is the difference between A’s average high and low level:

A =
y1 + y2

2
− y3 + y4

2
. (A.1)

Table 8: Basic example of a factorial design with two factors and two levels.
X Y

Exp. Factor A Factor B Response
1 1 1 y1
2 1 -1 y2
3 -1 1 y3
4 -1 -1 y4

If A is changed from low to high and the response distinction in each case is different
depending on which level factor B has it is called an interaction effect. This interaction
effect occurs because the outcome of one factor is dependent on the level chosen for the
other factor. One of the key benefits of using a factorial design is that it is possible to
both identify and quantify these interaction effects. By using the interaction and main
effects of the factors a least squares regression model representation of the responses can
be created, provided that the factors are quantitative:

y = β0 + β1x1 + β2x2 + β12x1x2 + ε (A.2)

The variables x1, x2 each represent the factors A and B, and ε is the error term. The
β-parameters in the regression model can be estimated from the effects. Half-values of
the main effects and interaction effects will form the estimated parameters β̂1, β̂2 and the
interaction term β̂12. The first parameter β̂0 is estimated as the average of all responses,
which are four in this example. The linear regression model derived from the estimated
parameters can be used to get an insight into which effects are significant for the paper
properties.

The series of experiments consisted of five factors and two levels for each factor,
leading to 25 = 32 different experiments. The study was limited to the first order
interaction effects (two-factor interactions). With first order interactions included the
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corresponding regression model becomes:

y = β0 + β1x1 + β2x2 + ...+ β5x5 + β12x1x2 + β13x1x3 + ...+ β45x4x5 (A.3)

The main effect of the factor A is calculated as:

A =
(y17 + y1) + ...+ (y32 − y16)

16
(A.4)

Determination of all the main effects as well as interaction effects can be calculated using
the same procedure. The effects are, however, exactly double the model parameters β in
the regression model. Since the matrix representation of the model parameters looks like
this

β =

 β1...
β45

 = (XTX)−1XTy, (A.5)

From this the effects can be estimated as

2β = 2(XTX)−1XTy =



A
B
...
AB
AC

...
DE


(A.6)

Where the single letters A, B etc. denotes the main effects and two letter combinations
represent the two-factor interaction effects.
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Table 9: The factorial design matrix with the five factors and their first order interaction effects.
A B C D E AB AC AD AE BC BD BE CD CE DE
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 -1 1 1 1 -1 1 1 -1 1 -1 -1
1 1 1 -1 1 1 1 -1 1 1 -1 1 -1 1 -1
1 1 1 -1 -1 1 1 -1 -1 1 -1 -1 -1 -1 1
1 1 -1 1 1 1 -1 1 1 -1 1 1 -1 -1 1
1 1 -1 1 -1 1 -1 1 -1 -1 1 -1 -1 1 -1
1 1 -1 -1 1 1 -1 -1 1 -1 -1 1 1 -1 -1
1 1 -1 -1 -1 1 -1 -1 -1 -1 -1 -1 1 1 1
1 -1 1 1 1 -1 1 1 1 -1 -1 -1 1 1 1
1 -1 1 1 -1 -1 1 1 -1 -1 -1 1 1 -1 -1
1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 -1 1 -1
1 -1 1 -1 -1 -1 1 -1 -1 -1 1 1 -1 -1 1
1 -1 -1 1 1 -1 -1 1 1 1 -1 -1 -1 -1 1
1 -1 -1 1 -1 -1 -1 1 -1 1 -1 1 -1 1 -1
1 -1 -1 -1 1 -1 -1 -1 1 1 1 -1 1 -1 -1
1 -1 -1 -1 -1 -1 -1 -1 -1 1 1 1 1 1 1

-1 1 1 1 1 -1 -1 -1 -1 1 1 1 1 1 1
-1 1 1 1 -1 -1 -1 -1 1 1 1 -1 1 -1 -1
-1 1 1 -1 1 -1 -1 1 -1 1 -1 1 -1 1 -1
-1 1 1 -1 -1 -1 -1 1 1 1 -1 -1 -1 -1 1
-1 1 -1 1 1 -1 1 -1 -1 -1 1 1 -1 -1 1
-1 1 -1 1 -1 -1 1 -1 1 -1 1 -1 -1 1 -1
-1 1 -1 -1 1 -1 1 1 -1 -1 -1 1 1 -1 -1
-1 1 -1 -1 -1 -1 1 1 1 -1 -1 -1 1 1 1
-1 -1 1 1 1 1 -1 -1 -1 -1 -1 -1 1 1 1
-1 -1 1 1 -1 1 -1 -1 1 -1 -1 1 1 -1 -1
-1 -1 1 -1 1 1 -1 1 -1 -1 1 -1 -1 1 -1
-1 -1 1 -1 -1 1 -1 1 1 -1 1 1 -1 -1 1
-1 -1 -1 1 1 1 1 -1 -1 1 -1 -1 -1 -1 1
-1 -1 -1 1 -1 1 1 -1 1 1 -1 1 -1 1 -1
-1 -1 -1 -1 1 1 1 1 -1 1 1 -1 1 -1 -1
-1 -1 -1 -1 -1 1 1 1 1 1 1 1 1 1 1
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Predictions of Key Kraft Paper Properties from

Process Variations - A Multivariate Approach

Mikael H̊akansson and Johan E. Carlson

Abstract

An two-level factorial design was set up where five factors in a kraft paper process were
varied, from wood chips to paper machine roll pressure. A total of 27 paper qualities were
measured for the finished paper, and 9 of these were selected for a more in-depth analysis.
This paper shows how these 9 responses can be modeled as a function of the experimental
factors. The model, a full interaction model, was estimated using Partial Least-Squares
Regression. The resulting model shows an R2-value of 0.88. The paper also presents
a careful analysis of how the uncertainties of the measured values propagate through
the model and contribute to the final model uncertainty. Finally, the interpretations
and application of the resulting model is discussed. Specifically, having access to a good
model enables the plant operators to simulate the effect of changing the process variables,
either for training purposes or to test new production scenarios.

1 Introduction

Trying to accurately predict the final outcome of paper properties is something that all
paper mills strive to achieve. There are, however, several hurdles to overcome in order
to achieve that. For one, the process itself is very intricate and contains many process
steps with many variables that affect the process. Also, there are often interaction effects
between the variables, meaning that the effect of adjusting one depends on the settings
of one or several other variables. Second, many of the different paper properties that
are measured are strongly correlated with each other, meaning that trying to achieve a
higher value in one response will affect other responses as well. Third, the raw material
itself, the wood resource, is never constant. Depending on the type of wood species,
growth region of the wood or time of year of the harvesting, the raw material will exhibit
different properties. In this paper, and in previous work from the same project [1] the
research effort is on the first two points, in order to achieve better understanding and
predictability of the process.

Since many of the measured properties are correlated it also means that they partially
explain the same variations in the process albeit in different units and via different
measuring methods. As early as 1989 Strand et al. performed factor analysis [2] on
seven paper properties from a large data set (>1000) comprised of papers from different
mechanical pulping processes and various species (southern pine, Scandinavian spruce,
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hemlock and balsam fir). Factor analysis on those seven properties showed that 92% of
the variation could be explained by two common factors [3].

In this study the data set consist of 32 experimental papers from a two-level factorial
designed experiment in five variables, previously described in [1].

The paper then describes how the measured paper qualities can be modeled from the
experimental factors and their interactions, based on Partial Least-Squares Regression
(PLSR) [4]. Finally the paper provides a discussion as of how to interpret the results of
the modeling.

2 Materials and Methods

2.1 Experimental Setup

A laboratory replica was created based on samples gathered from a paper mill. The paper
mill where the samples were taken is a fully integrated kraft pulping mill, utilizing batch
cookers and the specific product that was sampled for this study was unbleached kraft
paper. The term “laboratory replica” refers to a close as possible copy of the paper mill’s
product, created by mimicking the mill’s papermaking process in a laboratory scale.
This involves tuning the laboratory equipment; digester, refiner, and paper machine,
using samples taken at the paper mill. This replica was used as a basis for creating the
experimental design. For a more in-depth description of the experimental procedure and
laboratory equipment the reader is referred to [1].

The deployed experimental design is a full factorial design with two levels and with
five factors [5]. The five factors included in the design are; wood type, cooking time,
refining (edge load), amount of starch, and roll pressure of the paper machine. These
five factors and their different levels are shown in Table 1. For all levels the wood chips
were from Scots pine but originating from different sources.

Table 1: Setup used in the factorial design
Factors Low Center High

A: Wood type Whole log 50/50 Sawmill chips
B: Cooking time 10 min 20 min 30 min
C: Edge load in refiner 0.7 Ws/m 2.5 Ws/m 4.5 Ws/m
D: Added starch 0.1% 0.3% 0.5%
E: Roll pressure 3 kg/cm2 4.5 kg/cm2 6 kg/cm2

A mixture of 50% whole log chips and 50% sawmill chips were used for the center
points. Varied cooking time resulted in kappa numbers ranging from 37.9 to 40.5 for
the longer cooking and from 48.8 up to 50.4 for the shorter cooking. For both levels of
refiner edge load, the beating was performed with varying refining energy and refining
time input, in such a way that the resulting degree of beating was approximately the same
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for each factor combination. This was because it was of interest to study the specific
effect of varying the edge load of the refiner. On average the achieved degree of beating
was 20.0◦ SR (Schopper-Riegler [6]), with a standard deviation of 0.5◦ SR. The resulting
refining energy levels for the experiments can be seen in Table 2.

Table 2: Refining energy input for all experiments.
A B C Refining energy

(kWh/ton)

1 1 1 183.8
1 1 -1 245.0
1 -1 1 210.0
1 -1 -1 318.5

-1 1 1 157.5
-1 1 -1 163.0
-1 -1 1 157.5
-1 -1 -1 202.2

Starch additives and roll pressure amount were set to levels that were appropriate for
the laboratory equipment, while still creating a significant difference between the low and
high levels. Apart from the cationic tapioca starch the other added chemicals; alum and
ASA sizing were kept constant at 0.42% and 0.05% respectively in all of the experiments.

In this paper the focus lies on 9 measured responses, listed in Table 3 along with the
corresponding analysis methods. The average grammage of all 32 papers was 61.8 g/m2,
with a standard deviation of 1.2 g/m2.

Table 3: Measured responses and their analysis methods.
Responses Analysis method

Air resistance, Gurley ISO 5636-3:1986
Burst strength ISO 2758:2001
Porosity, Bendtsen ISO 5636-3:1992
Sheet density ISO 534:2005
Strain at brake ISO 1924-3:2005
Tear strength ISO 1974:1990
Tensile energy absorption ISO 1924-3:2005
Tensile strength ISO 1924-3:2005
Tensile stiffness ISO 1924-3:2005

A full factorial design with five factors means a total of 32 different combinations of the
factors are tested. No replication was made of the experimental design but each response
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was measured several times. A measure of the standard deviation could therefore be
obtained for each response.

3 Modeling the responses

Given the factors in Table 1, we construct a model linking the responses to the variables
in the model so that

y(m,n) = a(0,n) + a(1,n)x(m,1) + . . . a(5,n)x(m,5) + a(12,n)x(m,1)x(m,2) + . . .

. . .+ a(45,n)x(m,4)x(m,5) + a(123,n)x(m,1)x(m,2)x(m,3)

+ . . .+ a(345,n)x(m,3)x(m,4)x(m,5) + a(12345,n)x(m,1)x(m,2)x(m,3)x(m,4)x(m,5), (1)

where m denotes experiment number (m = 1, 2, . . . , 32) and n denotes response number
(n = 1, 2, . . . , 9). For the whole experiment, this can be written in matrix form as

Y = XA, (2)

where the 9 responses from the 32 experiments are stored as

Y =


y(1,1) y(1,2) · · · y(1,9)
y(2,1) y(2,2) · · · y(2,9)

...
...

. . .
...

y(32,1) y(32,2) · · · y(32,9)

 , (3)

and where the model matrix X is

X =


1 x(1,1) x(1,2) · · · x(1,3)x(1,4)x(1,5) · · · x(1,1)x(1,2)x(1,3)x(1,4)x(1,5)
1 x(2,1) x(2,2) · · · x(2,3)x(2,4)x(2,5) · · · x(1,1)x(1,2)x(1,3)x(1,4)x(1,5)
...

...
...

. . .
...

. . .
...

1 x(32,1) x(32,2) · · · x(32,3)x(32,4)x(32,5) · · · x(1,1)x(1,2)x(1,3)x(1,4)x(1,5)

 . (4)

The matrix A (32 × 9) then contains the regression coefficients for modeling each of the
responses. The model in this case is an interaction model with a constant term, linear
terms, second, third, fourth, and fifth order interaction terms.

The task of the modeling is now to find the regressor matrix A that best models the
responses Y given the model matrix X.

3.1 Partial Least-Squares Regression

Partial Least-Squares Regression (PLSR) is a regression method that aims to explore
covariance structures between two data sets [7]. As such it has been proven to more effi-
cient than for example ordinary least-squares or Principal Component Regression (PCR)
[8] when it comes to predicting new data [9].
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Determining the PLS components is an iterative process. The first step is to calculate
the cross-covariance matrix CY X , as

CY X = YTX, (5)

where X is an N×K matrix and Y is an N×L matrix. Find the first principal component
of CY X , i.e. the eigenvector of CT

Y XCY X corresponding to the largest singular value of
CY X [8]. This vector, also called weight vector, is denoted w1. The first score vector, t1
(N × 1) is then

t1 = Xw1, (6)

and the corresponding loading vector for the X block, p1 (K × 1), is given by

p1 = XT t1/
(
tT1 t
)
. (7)

For the Y block, the first loading vector, q1 (L× 1), is given by

q1 = YT t/
(
tT1 t1

)
. (8)

The residuals of the first iteration E1 and F1 for the X block and Y block, respectively,
are then

E1 = X − t1p
T
1 , (9)

F1 = Y − t1q
T
1 . (10)

To find the next PLS component, the steps above are repeated with E and F as the
new starting matrices. This procedure is then repeated until the the desired number of
components, A, has been determined. The scores and loadings of the X and Y blocks are
then stored as columns in the matrices T, P, and Q, as

T =
[

t1 t2 · · · tA
]

(11)

P =
[

p1 p2 · · · pA

]
(12)

Q =
[

q1 q2 · · · qA

]
(13)

(14)

The weight vectors, w, from the different iterations are stored in the matrix W (K×A).
The original matrices X and Y can now be expressed in terms of the PLS components

as:

X = TPT + E, (15)

Y = TQT + F, (16)

where E and F are residual matrices of the X and Y blocks, respectively.
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Given an existing set of PLS component a prediction of Y is obtained by [4]:

Ŷ = XW̃QT , (17)

where
W̃ = W

(
PTW

)−1
. (18)

From Eq. (17) we now have the PLS estimate of the regressor matrix Â in Eq. (2) as

Â = W̃QT (19)

so that
Ŷ = XÂ, (20)

3.2 Monte-Carlo Simulations of Uncertainties

The experimental design was only run once, meaning we have no replicates of the entire
experiment. Each of the measured responses is, on the other hand, associated with some
uncertainty, estimated either from repeated measurements or set either by experience or
by the standard method used to measure the response. This means that we can synthesize
a much larger data set than we actually have access to.

The PLSR is therefore modified as follows:

• Take the measured response matrix, Y, and build a PLSR model.

• Use the model to estimate Ŷ as in Eq. (20)

• Add some Gaussian random noise to each of the responses, with a standard devia-
tion corresponding to the uncertainty of that given response variable.

• Compare the modeled responses to the simulated noisy measurement.

• Repeat 1000 times, to obtain an empirical distribution of the model errors.

• Estimate the standard deviation of the model errors.

4 Model Validation

Any model-building effort has to be followed by a validation of some sort. This can be
done by using one data set for building the model and another data set for validating it,
i.e. using the model to predict the validation data and then studying prediction errors.
In the present study, no such data set is available. In such cases, one could turn to cross-
validation [10], where parts of the data set is withheld while building the model. The
withheld data is then predicted using the model. The procedure is then repeated until all
experiments have been withheld exactly once. This procedure, however, is not suitable
for factorial designed experiments. The reason is that, since cross validation assumes
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that a subset of the data can be predicted using another subset of the data, and that
factorial experiments are designed with the very purpose of making each experiment as
different as possible to the others. In fact, in a two-level factorial design, the experiments
are mutually orthogonal, meaning that cross-validation generally gives poor results.

In this paper, we therefore validate the model by means of the Monte-Carlo simula-
tions described in the previous section. The model is built using all available measured
data, but it is validated with synthesized replicas, where noise is added to mimic the
uncertainty inherent to the measurement standards used. In this way, over-modeling can
be prevented and the predictive performance can, at least to some extent, be evaluated.

5 Results

A model was calibrated using Eq. (20), based on the model matrix X in Eq. (4) and
the 9 measured responses listed in Table 3, stored in the response matrix Y, given by
Eq. (3). Prior to fitting the model, both the model matrix X and the response matrix
Y were mean-centered and standardized so that each column had unit variance.

A PLS model consisting of three PLS components was deemed satisfactory (yielding
R2 ≈ 0.88). For higher model orders, sum of squares of the prediction errors from the
Monte-Carlo simulations started to increase again, indicating over-parametrization of the
model.

Figures 1–3 show a comparison between measured and model responses, for porosity
(Bendtsen), Tensile Stiffness, and Tear Strength, respectively. Results for the other
responses are similar. The figures show that, based on the settings of our experimental
factors, we are indeed able to predict what happens to some of the key paper properties.
Due to the significant uncertainty of the measured properties, however, one should be
careful drawing conclusions. It is clear though, also by looking at R2 ≈ 0.88 for the
total regression model (for all 9 responses), that there is strong correlation between the
experimental factors and the measured paper properties. This enables us to simulate
how changes in the factors affect the properties of the final paper.

Looking at the model of, for example, porosity (Bendtsen) in Figure 1, one might be
tempted to conclude that we, based on the model are now able to steer the process to
achieve a certain value. While this is true, doing so will also affect the other properties and
to study how the response variables correlate, biplots are valuable tools [11]. In a biplot,
the scores and loadings of the PLS components are plotted together. The loadings of the
Y matrix provide insight to which response variables are correlated with each other. In
a model with three components, this is difficult to visualize in two-dimensional plots, but
a static three-dimensional plot is often even harder to understand. Figures 4–6 should
therefore be studied together, since they are three projections of a three-dimensional
picture.

Starting with the loadings of the Y matrix (i.e. the response variables), the blue ar-
rows in Figures 4–6 show how these are related. Arrows that point in the same direction
indicate that these responses are positively correlated, arrows pointing in the opposite
indicate negative correlation. Perpendicular arrows mean the responses are uncorrelated,
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Figure 1: Measured vs modeled Porosity (Bendtsen) for the 32 experiments. The horizontal
(blue) error bars denote the ±σ = ±200 ml/min interval of the measured quantity, as stated
by the measurement standards used. The vertical (red) error bars denote the corresponding ±σ
interval for the modeled quantity, given by the Monte-Carlo simulations.

and hence could be modeled independently. Looking at porosity (Bendtsen), in Figure 4,
it would appear that the Bendtsen value and tear strength are almost uncorrelated. From
experience, we know this is not true, but if we then look at the biplot between PLS com-
ponents one and three (Figure 5) we see that there is indeed a strong positive correlation.
This is an example of why we need to look at all three dimensions simultaneously. Look-
ing at porosity and tensile stiffness we see, however, that these are only weakly correlated
even when looking at all three biplots.

Finally, we turn our attention to the red markers in Figures 4–6. The markers repre-
sent each of the 32 experiments, i.e. one finished paper for each point. If we look at, for
example, the marker labeled 19, we see that it is located close to the arrow representing
Air resistance (Gurley), pointing in the opposite direction of the Porosity (Bendtsen) ar-
row. This means that experiment 19 shows a high air resistance value. We can then have
a look at the corresponding factor settings in the design, which shows that this sample
was created using whole log wood chips, the shorter cooking time, high refiner edge load,
low amount of starch additives, and high roll pressure. Similar analysis can be made for
other points, and in general if the point lie in the direction of an arrow that experiment
exhibits either high or low values of that specific response, depending on the direction of
the arrow. For experiment 19 the measured Air resistance (Gurley) was 11.0 s/100ml,
compared to the average over the data set which was 4.6 s/100ml. Another example is if
we look at points 14 and 19 in all three figures. It appears that the Porosity is decreasing
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Figure 2: Measured vs modeled Tensile stiffness for the 32 experiments. The horizontal (blue)
error bars denote the ±σ = ±5 % interval of the measured quantity, as stated by the measure-
ment standards used. The vertical (red) error bars denote the corresponding ±σ interval for the
modeled quantity, given by the Monte-Carlo simulations.

(moving in the negative direction of the arrow symbolizing porosity). In fact, looking
at the response values, we see that the porosity has changed from 6200 ml/min to 1200
ml/min. Similarly, going from point 14 to 19 should not affect the tensile stiffness very
much, since we are moving in a direction almost perpendicular to that arrow, in all three
biplots. In fact, the change in tensile stiffness is only from 518 kN/m to 587 kN/m.

6 Conclusions

In this paper we have shown that, by using PLS regression, it is possible to build models
that link experimental factors, throughout the fiber line of a kraft paper plant, to key
paper properties. In the current study, five factors (wood type, cooking time, refiner
edge load, amount of added starch, and paper machine roll pressure) were varied in a full
two-level factorial design. Based on this design, an interaction model was built and used
to predict nine selected paper properties. Three of these (Porosity (Bendtsen), Tensile
stiffness, and Tear strength) are discussed in detail. The model shows an overall value of
R2 ≈ 0.88, indicating that there is a strong correlation between the experimental factors
and the measured paper properties. We also discuss how to analyze the correlation
between different responses, by use of biplots from the PLS regression. This is important
in order to understand how the process can be steered to achieve certain desired paper
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Figure 3: Measured vs modeled Tear strength for the 32 experiments. The horizontal (blue) error
bars denote the ±σ = ±5 % interval of the measured quantity, as stated by the measurement
standards used. The vertical (red) error bars denote the corresponding ±σ interval for the
modeled quantity, given by the Monte-Carlo simulations.

properties, since these can not be controlled independently of one another.

Having access to good models linking controllable process variables, as well as in-
teractions between them, to key paper properties along with tools for interpreting the
results, it is possible to simulate the what effect changes in the process will have on the
final product. A requirement for such models to be valid is that they are calibrated using
well-designed experiments.

The results here are from a limited laboratory study, but the methodology presented
is generally applicable to specific plant conditions.
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Figure 4: Biplot for PLS components one and two. The blue arrows are related to the loading
vectors of the response matrix. The red dots are the scores, each symbolizing one of the 32
experiments.
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