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Abstract 
 
A perfect paper machine would not need any control action. However, defects in the production 
process and disturbances in raw material cause instability which requires control actions. 

The compensations made in the controlled variables often cause variations in other properties. In order 
to produce a perfect product without variations in any properties, the goal must be to eliminate the 
defects and disturbances causing control action. 

By studying the actions from the control system, it is possible to identify the defects in the process. 

In order to further investigate the potential of studying the output from the control system a study was 
made for a Fine Paper machine (PM9 at Grycksbo Mill). In this thesis a number of cross profile 
controls were studied simultaneously. Another interesting approach to identify primary causes of 
disturbances is by implementing an online analysis. 

This thesis shows that variance component analysis can be used to identify periods when the control 
action is unusually high. The authors believe that the best results can be reached if the variance 
component analysis is applied on data from one to three hours. In order to be able to estimate alarm 
limits the slower variations in control activity need to be filtered out. This is done with EWMA. The 
usage of variance component analysis makes an implementation of an online analysis easy, since the 
method is based on calculations that can be performed in Excel.  

Furthermore, the thesis shows that PCA is a very effective method to characterize the changes in the 
control action.  

It can also be concluded that the control for basis weight is the most important variable if multiple CD-
controls are analysed. 
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1 Introduction 
 

This chapter introduces the reader to the problem studied. The background, purpose and 
restrictions of the problem will be presented. Furthermore, a short presentation of the 
company will be given. 
 
Stora Enso is an integrated paper, packaging and forest products company producing 
publication and fine papers, packaging boards and wood products, areas in which the 
company is a global market leader. Stora Enso Research is the shared R&D-resource of Stora 
Enso. Stora Enso Research has four research centres situated in Falun, Imatra, 
Mönchengladbach and Biron. The organization of Stora Enso Research is product-based with 
three groups: fine paper, packaging board and publication paper. The groups represented at 
Research Centre Falun are fine paper and publication paper. The Department of process 
analysis and web handling within the fine paper group is situated at Falun Research Centre. 
This department works with the improvement of runnability, product uniformity and 
production efficiency for winders, printing presses, and paper- and board machines. In 
collaboration with Stora Enso Grycksbo mill, just outside of Falun, the department wishes to 
improve the uniformity of the fine paper1. (www.storaenso.se) 
 

 
1.1   Background 

 
Paper machines today can reach a breadth of almost 12 metres. It is therefore important that 
the properties of the paper are constant throughout the whole machines breadth. To achieve 
this, many complicated controls for the different properties are required. Present properties 
are e.g. basis weight (weight per area), coating, and humidity (before and after the coating 
station).  
 
When a change has occurred in the process, the control system tries to compensate this 
change by controlling some of the variables in the process. It is however a common 
perception that the control system does not always control the variables that caused the 
disturbance in the first place. The compensation made in the controlled variables, often cause 
variations in other properties. The time and place of the change in the process is unknown but 
since the control system compensates all the changes, the final product will still be of uniform 
quality. This means that the final product can not be analysed to identify when the process is 
out of control. This information can however be sought out by analysing the control action 
and thereby present Stora Enso with material that can facilitate the search of primary causes 
of disturbances.  
 
This technique has been applied for one of the cross directional controls, namely basis weight. 
The task in this report is however to analyse multiple cross directional controls 
simultaneously, i.e. for basis weight, amount of coating and humidity (before and after the 
coating station). This will hopefully provide a better description of the disturbances. The 
reason for this research is that the company believes that in order to produce a perfect product 

                                                 
1 High-quality printing, writing or copier paper produced from chemical pulp and usually containing under 10% 
mechanical pulp (Finnish Forrest Industries Federation URL) 

http://www.storaenso.se
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without variations in any properties, the goal must be to eliminate the defects and disturbances 
causing control.   
 

1.2   Purpose 

 
This Master’s thesis is part of the continuous efforts in trying to eliminate primary causes of 
disturbances. The purpose is to develop a technique to analyse multiple control actions 
simultaneously and characterize the shifts in the control activities. This is done to enable 
future plans of introducing an online analysis in the process and will bring Stora Enso a step 
closer to detecting the primary causes of disturbances. 
 
To achieve this, the control systems control actions are studied. The control actions before, 
during and after a shift are analysed to enable an attempt to characterize the shifts. 
Furthermore an evaluation will be made on the possibilities to identify primary causes to the 
disturbances. 

 
1.3   Restrictions 

 
The analysis is restricted to data collected from paper machine 9 (PM9) at Grycksbo mill 
since Mats Hiertner at Stora Enso Research Centre finds it appropriate for the analysis. Due to 
the fact that we have access to an enormous amount of data, the analysis is restricted to 
chosen sets of data.  
 
If problems should arise in PM9 making it difficult to complete the analysis, there are 
possibilities to carry out the analysis on another machine. There is also a possibility that the 
analysis will be performed on several paper machines if there is enough time.  
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2 Methods 
 

This chapter presents the methods used in the thesis. There are many ways to approach a 
problem, this chapter discusses different methods and theories that can be used to approach a 
problem and also discusses the methods chosen in this specific thesis. Furthermore a 
presentation of the study of literature and a discussion concerning the validity and reliability 
will be brought up. 

 
 

2.1   Research approach 
 

According to Ejvegård (1996), awareness in the choice of methods is essential to achieve a 
scientific approach. The methodology describes the authors approach and preparation to the 
problem. 
 
When trying to solve a scientific problem there are two different approaches that usually are 
mentioned, inductive and deductive approaches. The difference between these approaches is 
that when following the deductive approach a method is developed based on existing theories. 
The inductive approach is the opposite, meaning that theory is founded based on observations. 
Theory plays a more important role in the deductive approach. (Wiedersheim-Paul & Eriksson 
1993) 
 
In this thesis both approaches were used. As mentioned earlier, one of the purposes of this 
thesis was to develop a technique to analyse multiple control actions. Since there is no 
literature that deals with this exact problem it can be viewed as an inductive approach. 
However known theories such as principal component analysis and control charts are used to 
realize this purpose and an earlier study has been made dealing with the same problem but 
only considering one variable. 
 
2.2   Qualitative and quantitative methods 

 
Scientific problems can either be solved with quantitative or qualitative methods. Both 
methods aim to give a better understanding of the problem studied and have a common 
purpose. (Ejvegård 1996) 
 
The objective of quantitative methods is to try and explain, verify and predict. They transform 
information to data, enabling analysis. (ibid) 
 
Quantitative methods are used to generalize and to acquire results in numbers. These methods 
are more structured then qualitative methods, different sets of data are related to each other. 
Statistical methods play an important role in quantitative research. (Bell 1993) 
 
Qualitative methods are based on the scientist’s perception or interpretation of information. 
(Ejvegård 1996) 
 
A qualitative study consists of beliefs and opinions that are collected through interviews and 
studies.  The purpose of qualitative methods is to create an understanding and learn how 
people experience things. (Bell 1993) 
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Both qualitative and quantitative methods have been used in this thesis. Holme & Solvang 
(1991) explain that a mixture of qualitative and quantitative methods can be advantageous 
since they complement each other. To fulfil the goals set up in this thesis a handful of 
statistical methods were used. However, in order to evaluate the possibility of identifying one 
or a few of the primary causes of disturbances, an interview with a control system expert was 
held. 
 
 
2.3   Collection of data, primary and secondary 

 
According to Wiedersheim-Paul & Eriksson (1993), data collected in a research can be 
divided into two groups, primary data and secondary data. Primary data is the information 
gathered by the researcher to solve a problem. This information is usually gathered by 
interviews, surveys or observations. 
 
Secondary data is information that already has been gathered for other purposes than the 
present one. In other words, it is information that was not primarily intended to be used for the 
present problem. This data can e.g. be data gathered for other projects or statistics collected 
for governmental issues etc. When using secondary data it is important to be aware of the 
information’s origin and its credibility to ensure an accurate analysis.      
 
Mostly secondary data has been used in this thesis. The control system in the paper machine 
studied continuously loads data into a database that the engineers at Grycksbo Mill analyse. 
This database is called MOPS and can easily be accessed through Excel. Data concerning all 
the paper machines at Grycksbo mill are easily obtained by the use of MOPS. An example of 
how a typical data matrix downloaded from MOPS and used in this thesis can be seen in 
appendix 1. The figure in appendix 1 shows the northwest corner of a enormous matrix.  
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2.4   Study of literature  
 

In order to fully understand the background to the problem of the thesis, an extensive study on 
the forestry industry and the basic principles of paper making was required. Furthermore a 
general understanding of a paper machines different sections and knowledge of the control 
system and its control loops were required. In addition to this, a thesis covering a similar 
problem at Stora Enso was studied. The preparation literature was obtained at Stora Enso’s 
library at Falun Research Centre. 
 
Literature discussing statistical process control and multivariate analysis were examined. This 
literature was gathered by web search, library database search and library visits.  
 
 
2.5   Validity and reliability  

 
Validity and reliability are two factors that confirm the credibility in the methods used to 
solve a problem. The validity refers to that the measurements made are relevant for the 
analysis and the goals set up for the project while the reliability refers to that the data is 
collected in a reliable manner. (Bell 1993) 
 
In other words, the validity is about using the right method at the right time while reliability 
concerns the methods trustworthiness. According to the authors, this implies that a high 
validity presumes a high reliability while a high reliability does not guarantee a high validity.  
 
One should always strive for a high validity and reliability. To assure a high validity and 
reliability, meetings were held on a weekly basis with supervisor and specialist at the process 
analysis and web handling department, Mats Hiertner. 
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3 Theoretical frame of reference 
 

This chapter presents the theories this thesis is based on.  A short presentation will be given 
of the theories behind the methods used in the analysis, followed by a description of the 
process and the properties analysed in control actions. 
 

3.1  The production of fine paper  

3.1.1  Pulp 
 

The main raw material for making fine paper is cellulose fibres from different types of wood. 
The pre-processes are intended to break down the internal structure of the raw material so that 
the fibres can be separated in water. Depending on which properties are desirable in the final 
product, different methods can be used. These methods can roughly be divided into two 
different sub-groups: Mechanical wood pulp and Chemical wood pulp. There are many 
different methods that are a combination of these two. (Fellers & Norman 1998) 
 
3.1.2  Process description 

 
The following information can be found via the Stora Enso URL (see chapter 6, references) and John D. Peels 
“Paper science and paper manufacture”. 
 
A typical paper machine is usually divided into five separate sections as figure (3.4.2-1) 
shows. At the end of the machine, paper is rolled onto a jumbo reel, also called “tambour”. A 
more thorough exposition of the different sections is given below. 
 

 
 
Before the pulp comes to the paper machine, it must be prepared in a special way, to ensure 
that the right properties are built to the finished paper. Refining develops the strength of the 
pulp. This is done by roughening the surface of the fibres in the machine equipped with 
rotating knives. Fibres mix and cling together strongly after they are dried. 
 
After reefing, additives such as chalk-filler, starch and other chemicals are mixed with the 
pulp in a mixing chest. Broke, which is wasted and re-pulped paper from different stages of 
the process chain – is frequently added to the pulp and constitutes an important raw material. 
All mixing is done prior to the Headbox, producing what is called stock. 

 

Figure 3 -1. A typical paper machines construction (Grycksbo mill) 
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Figure 3-2. Headbox  

Figure 3-3. Paper formation 

3.1.2.1   Headbox 
 

The true papermaking process starts at the headbox, 
a very large, high precision nozzle. Here the 
mixture, or stock, is spread evenly onto a quickly 
moving wire. 
 
The amount of water contained in the stock at the 
headbox is approximately 99%. This low 
consistency allows even material distribution, as 
well as facilitates the mixing prior to the headbox. 
 
3.1.2.2   Wire section 

 
The wire section dewaters the stock, reducing the 
water content to approximately 70 percent. Water 
removal is done with the help of foils and suction 
boxes, which are places under the wire fabric at 
different intervals. Most modern paper machines 
have a bottom and top wire, where dewatering is 
done downwards and upwards to ensure that the 
paper will have the same structure in both sides. The 
more evenly the fibres are spread and dewatered in 
the wire section, the better the paperwill be in terms 
of formation. The fibres are preferentially orientated 
in the machine direction because of the high speed. 
They are aligned while floating with increasing 
speed  
to the outlet of the headbox. 
 
The jet flow at the headbox and at the beginning of 
the wire section are the most critical parts of the 
papermaking process. This is where the internal fibre 
network structure and filler distribution in the paper 
are built up. These fundamental structure properties 
can not be improved in the later process stages. With 
help of the pick-up felt, the stock, now called the web, is transported to the press section. 
 
3.1.2.3   Press section 

 
The web passes between rolls that use high pressure 
to press the water out of the web and into a fabric 
felt. The press section reduces the water content out 
of the web to approximately 50 percent. This process 
affects the thickness and surface of the paper. Wet 
pressing also increases the bond between the fibres, 
increasing the strength of the paper. A modern 
machine usually has three or four wet presses. 

 

Figure 3-4. Wire section 

Figure 3-5.  Press section 
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3.1.2.4 Drying section 

 
Now the web is only half dry and further 
drying must be done with the help of heat. 
The pre drying section contains many steam-
fed drying cylinders.  
 
The cylinders temperature ranges from 60 to 
120 degrees centigrade. The web passes over 
the surface of each cylinder, evaporating the 
water. After this treatment the water content is 
approximately 5 percent and the paper has 
gained its final strength. 

 
3.1.2.5   Coating section 

 
The coating section of the machine is used to enhance some of the papers properties. 
Properties affected by coating are smoothness and several of the measurable optical 
properties, and indirectly the printing ability of the product. When coating a product, a liquid 
of pigment particles is applied onto the surface. When applied, the coating fills the empty 
space between fibres, and hopefully the fibres are covered with a layer of pigment particles. 

    Figure 3-6.  Drying section 
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3.2   Measuring paper properties 

 
3.2.1 Types of papers 
 
Paper and board products are used for four main purposes, as information carriers, as barrier 
materials for containers, bags, etc. as rigid structural materials and as porous, absorbent 
materials. These products owe their suitability to the particular combination of lightness, 
flexibility, stiffness, surface properties, opacity and absorbency which can be achieved, and 
which can be so easily modified during manufacture by varying the basis weight (g/m2), 
composition and processing conditions. (J.D.Peel 1994) 
 
The hundreds of types of paper and board produced are often classified by basis weight. 
Varying the basis weight is the simplest way to alter strength, stiffness and opacity. For 
instance, light paper made in range 12-30g/m2 is usually called tissue while heavy grades are 
called paperboard or board. The division between paper and board is however not exact. 
Grades over 200 g/m2 up to 800 g/m2 or heavier and over 300 µm thick are usually referred to 
as boards, with a few special exceptions like filter papers. Other ways of classifying paper and 
boards are for example by composition i.e. depending on what kind of pulp is used, coated or 
uncoated etc. or classifying by usage e.g. printing paper, industrial paper and sanitary paper. 
(ibid) 
 
3.2.2 Measuring properties 
 
The characteristic properties of paper and board are measured in many different procedures 
developed by papermakers and their customers to control qualities. Many properties are often 
measured according to international (ISO) or national standardized procedures. Continuous 
measurements on the paper machine are carried out to identify sources of non-uniformity. 
These measurements, often with cross-machine scanning and analysis of several properties 
during manufacture, are used in this thesis. The most critical property measured on-machine is 
basis weight. The uniformity of many other properties is directly related to that of basis 
weight, and the analysis of basis weight variations may apply to other properties as well. 
(J.D.Peel 1994) 
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3.2.2.1 Basis weight 
 
Because paper contains varying amounts of moisture depending on the surrounding 
temperature and humidity, a basis weight value must be characterized with respect to the 
testing conditions. Thus, basis weight may be “oven dry” or “conditioned”, meaning the 
determination was made while the paper was in equilibrium with a standard atmosphere. Most 
countries have agreed to use 23 � ºC ± 1 � C and 50 ± 2% relative humidity for standard 
conditioning and testing. Another important feature of basis weight measurements is the area 
of the samples used. Larger sample areas will give smaller values of the standard deviation of 
basis weight, which is often of great importance. Typically a standard procedure specifies 100 
cm2. Thus, a “conditioned basis weight” measurement requires first that samples are obtained 
in a defined manner from a paper stock to be tested; then specimens are cut to specified size, 
conditioned until stable moisture content is reached and finally weighted. (J.D.Peel 1994) 
 
Basis weight measurements of machine-made paper often show significant differences 
between sets of samples taken from different locations across the paper machine. Patterns of 
machine directional variations are also often detectable, as is a general random variability. 
These features naturally affect strength, optical, surface 
and other properties. 
 
The cutting and weighting method is not accurate for 
measuring the masses of small areas, and not practical for 
on-line continuous measurement.  For both purposes one 
may use instruments which measure the absorption of 
transmitted infra red radiation or, more usually of beta 
rays. Beta-gauges, as they are commonly called, irradiate 
an area of paper (typically 15 mm in diameter) uniformly 
with beta rays. (ibid) 
 
For continuous on-machine measurement of basis weight, 
beta-gauges are nearly always used as scanning 
instruments and their outputs are displayed as CD profiles 
of basis weight which are updated every few minutes. 
(ibid) 
 
 
3.2.2.2 Moisture content 
 
The usual and standard way to estimate a paper’s moisture content is to measure the change in 
mass when a sample is dried in a oven at approximately 105 � C, long enough to reach a 
constant mass (1-2 hours for normal air dry paper). The sample is then cooled in a desiccator 
and weighed. Moisture content is usually expressed on a “moist basis”, i.e. loss of water as a 
percentage of the total mass, but can also be expressed on an “oven dry” basis, i.e. loss of 
water as a percentage of the mass of oven dried paper. 
 
For on-machine measurement of moisture content, scanning instruments have been developed 
to measure related properties as described below. Calibration is always necessary because the 
relationship with moisture content, which is not linear over wide ranges of moisture content, 
depends on the composition of the paper. (J.D.Peel 1994) 

Figure 3-7. Traversing scanner 
on a paper machine.  
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3.3 Control charts  

 
Control charts are related to hypothesis testing. The mean and standard deviation for the 
measured variable is estimated. The next step is to calculate a two sided confidence interval 
that is set to 6σ. The confidence boundaries in the control chart are equivalent to the so called 
control limits and in addition to this an estimation of the expected values is drawn. The 
observations are then plotted against time or observation number etc. See the figure below for 
a typical example. 
(Montgomery, 2004) 
 
As long as the observations are plotted within the control limits the process is assumed to be 
in control. Every process varies but the variation that doesn’t exceed the control limits is 
interpreted as natural variation, however if an observation is plotted outside of the control 
limits, it is seen as evidence that the process is out of control (the variation has a “special 
cause”). To illustrate this consider a person writing his name ten times, the signature will all 
be similar, but no two signatures will be exactly alike. There is a natural variation, but it 
varies between predictable limits. If however the person signing the name gets distracted or 
bumped by someone, an unusual variation due to a “special cause” will be present.  
(isixsigma URL) 
 
 

 
Figure 3-8. A typical control chart (isixsigma) 
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3.4 Statistical process control and forecasting 
 

According to Montgomery (2004) the following assumption is needed to justify the use of 
control charts, “…the data generated by the process when it is in control are normally and 
independently distributed with the mean µ and standard deviation σ.” Mathematically this is 
described by the formula below: 
 

),0(, 2σεεµ NIDy ttt ∈+=     (3.4-1) 
 
It is however not certain that this assumption is fulfilled for the studied process. Atienza et al. 
(1997) describes this with an example, “…with the advent of high-speed data collection 
systems, particularly in continuous chemical processing, the assumption of independence is 
usually violated. This particular problem has driven quality practitioners to see the 
importance of time series modelling in SPC.” The violation of independence that Atienza et 
al. refer to is auto-correlated data. This is very interesting in this thesis since the data material 
is highly auto-correlated due to the high speed-data collection.  
 
An approach that has proven useful in dealing with auto-correlated data is according to 
(Montgomery, 2004), to change the model assumption (3.2-1) to a time series model. EWMA 
(Exponentially Weighted Moving Average) is an appropriate time series model in this case.  
 
EWMA is described below: 
 

tt ztx =+

∧

)(1       (3.4-2) 

1)1( −−+= ttt zxz λλ      (3.4-3) 

)1( −−=
∧

txxe ttt      (3.4-4) 
 
Where: 
 
zt is the forecast for xt+1 
λ is a constant 
et is the residual 
xt is the observation at time t 
 
(Montgomery, 2004) 
 
When the residual (et) is estimated with the formulas above it will hopefully belong to NID 
(0, σ2) and thereby a control chart can be constructed without violating any basic assumptions.  
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Figure 3-9. Principal components for the example 

3.5 PCA 
 

Principal Components Analysis (PCA) is a mathematical procedure which transforms the data 
so that a maximum amount of variability can be described by a new set of variables. 
Essentially, a set of correlated variables are transformed into a set of uncorrelated variables. 
The uncorrelated variables are linear combinations of the original variables and are called 
principal components. The first principal component is the combination of variables that 
explains the greatest amount of variation. The second principal component defines the next 
largest amount of variation and is independent to the first principal component.  
(http://www.eng.man.ac.uk/mech/merg/Research/datafusion.org.uk/) 
 
(Johnson, 1998) describes principal component analysis as follows: “PCA involves a 
mathematical procedure that transforms a set of correlated response variables into a smaller 
set of uncorrelated variables called principal components.”  As Johnson describes, one of the 
objectives with PCA is to reduce the amount of variables in a dataset and still retain as much 
information as possible. This is the main objective of PCA in this thesis. 
 
The procedure can be viewed as a rotation of the existing axes to new positions in the space 
defined by the original variables. In this new rotation, there will be no correlation between the 
new variables defined by the rotation.  
(http://www.eng.man.ac.uk/mech/merg/Research/datafusion.org.uk/) 
 
Example 
In this example, a simple set of 2-D data are taken and a PCA is performed to determine the 
principal axes. The data material is generated with random numbers which simulate the length 
and weight of adults. The scatter plot below indicates that the variables length and weight are 
correlated. Through PCA two new variables are created (PC1 and PC2), these two variables 
are not correlated. 
 
In this case the principal 
components are easy to interpret, 
PC1 describes how large a person 
is and PC2 describes the person’s 
BMI (body mass index). 
The two dimensions can be 
reduced to one by excluding PC2 
and describing the data with only 
PC1. PC1 will explain a reasonable 
amount of the information and the 
data is now one dimensional. This 
technique can be used for datasets 
with many dimensions, but 2 
dimensional data is simpler to 
visualise. 

http://www.eng.man.ac.uk/mech/merg/Research/datafusion.org.uk
http://www.eng.man.ac.uk/mech/merg/Research/datafusion.org.uk
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Figure 3-10. The different components of variation.  1: Mean (µ )   2: Cross directional variation 

( iα )   3: Machine directional variation ( jβ )    4: Residuals ( ijε )   5: measured data ( ijx ) 

3.6 Variance Component Analysis 
 

In an article published in “Papper och trä” 1971, Niilo Ryti and Osmo Kyttälä describe the 
method Variance component analysis. By using variance component analysis the variation in 
the data collected from the control system can be divided into three groups, variation in CD, 
MD and the residual variance (see figure 3-7 for an illustration of CD and MD). The data 
material should be set up in a matrix where every row in the matrix represents the beta gauges 
measurements from one side of the machine to the other. The columns in the matrix represent 
the different CD positions.  
 
Variance component analysis is based on ANOVA with the model assumption that the 
elements in the matrix X can be estimated by the following formula: 
 

ijjiijx εβαµ +++=      (3.6-1) 

Where: 
 
µ  = mean value of the whole matrix 

iα = the deviation from the mean in the column i to µ  

jβ = the deviation from the mean in the row j to µ  

ijε = residual, which includes the unstable variation in the studied property  
 
The figure below illustrates how the variation is divided in the variables just mentioned. The 
measured data can be seen in (plot 5) and can be described as the sum of the mean value (plot 
1), the CD variation (plot 2), the MD variation (plot 3) and the residual variation (plot 4) 
In other words, if there is a ridge alongside the paper (a high iα  value for a specific i), the 
model will take this into consideration and increase the expected value of xij. The same counts 
for ridges or valleys across the paper. The residual variation is random with µ = 0. 
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This implies that the CD profile should be constant over the period of time that is measured 
and the MD profile should be constant over the entire paper web if the value of ijε  is to be 
independent of the indexes i and j. It can seem a bit odd to assume that the CD profile is 
constant, that is certainly not the case however the changes occur over a long period of time. 
 
To illustrate what happens when the CD and MD profile are not constant during the period in 
which the measurements are made a simulation of a data material where a shift occurs in the 
CD was made. The scenario is the same as the example in the previous page, however after 
half of the time period a ridge appears that is three CD positions broad (CD positions 11-14). 
The data matrix xij and the consequences of the other variables are plotted below. 
 

 

 
 
As a consequence of the shift, iα is not going to follow the data material, this appears 
distinctly in the residuals which before the ridge has a very negative value and after the shift a 
very positive value (only for CD-positions 11-14). This characteristic is used to analyse if 
there has been a shift in the control action for the CD profile.  
 
In the article, Niilo Ryti discusses how variance component analysis is used to estimate the 
residual variance for a matrix containing data of the variable basis weight, this is done to seek 
out the correlation between the pressure in the headbox and the residual variance. 

Figure 3-11. Consequences of a shift in the process during the data collection. 

1: Mean (µ ) 2: Cross directional variation ( iα ) 3: Machine directional variation ( jβ ) 4: Residuals ( ijε ) 

5: the measured data ( ijx ) 
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3.6.1  The mathematics behind variance component analysis 
 
The matrix X consists of a number of measured values xji, the variance in the matrix depends 
on different changes in the process. Variance component analysis divides the variance into 
cross directional variation, machine directional variation and residual variation. This is 
described mathematically below. 

ijjiijx εβαµ +++=      (3.6-1) 

Where: 
 
µ  = the mean value of the whole matrix 

iα =the deviation from the mean in the column i to µ  

jβ = the deviation from the mean in the row j to µ  

ijε = the residual variation 
 
According to the definition every components mean is zero 
 

0)()()( === ijji EEE εβα     (3.6-2) 
 
The deviations presented in formula (3.4-1) can be estimated as the following: 
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The quantitative measurements used for these 3 variance components are their variance. In 
other words, a total of 4 variance components will be obtained: variance in MD, CD, the total 
variance and the residual variance. These variances can be estimated as the following: 
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4 Empiric studies/Analysis 

 
In this chapter an introduction will be given of the variables controlled and the difficulties 
encountered during the analyses. Two methods will be presented and evaluated, furthermore 
a summary will be given of an interview held to determine how well the method fulfils its 
purpose.  
 

As mentioned earlier, the goals of this thesis was to develop a technique to analyse multiple 
control actions simultaneously and characterize the shifts in the control output. Furthermore to 
evaluate the possibilities to identify primary causes to the disturbances. To fulfil these goals, 
an initial meeting at Grycksbo mill with production engineer Marcus Plars was required. The 
meeting provided important information enabling initial analysis. All of the relevant variables 
in the process were identified and a thorough explanation of the process was given.  

 
4.1 Variables and Conditions at PM9 
 

PM9 at Grycksbo mill produces fine paper and the coating is applied in an online coating 
station. The QCS (Quality Control System) measures the properties of the paper with two 
measurement frames, one before- and one after the coating station. 

 

A total of 8 variables were studied. Four describe the properties of the paper and the other 
four describes the control action of the control system. An explanation of the variables is 
given below.  

 

YTVIKT1 is the variable that represents the basis weight of the paper before the coating 
section. 

 

YTVIKT2 is the variable that represents the basis weight of the final paper (after the coating 
section). 

 

FUKT1 is the variable that represents the moisture content of the paper before the coating 
section 

 

FUKT2 is the variable that represents the moisture content of the paper after the coating 
section 

 

The headbox at PM9 uses dilution to control the variable YTVIKT1. INLOPP_bv is the 
control output for the headbox dilution, i.e. the set point that is sent to the headbox. The 
deviations that occur across the paper web in the variable YTVIKT1 (basis weight before the 
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coating section) are used to calculate the set point that is sent to the headbox. These types of 
control loops are present in all the variables controlling the process. 

 

A090TC_bv which controls an infra heater, this is done to improve the cross directional 
profile for the variable FUKT1 (moisture before the coating section). In this case the 
variations in FUKT1 sends a set point for the temperature of the paper web, the thermometer 
then sends set points to the infra heater that adjusts the temperature of the web by increasing 
or reducing the heat. The effect of this is that the moist content is reduced or increased. 

 

BEST_bv controls the amount of coating applied to the paper. An IR instrument measures 
both sides of the paper and sends a set point to the coating section. This is done to improve 
the CD profile of YTVIKT2. 

 

The final variable is A092TC_bv which works in the exact same way as A090TC_bv but in 
this case it is done to improve the cross directional profile for the variable FUKT2 (moisture 
in the final product). 

 

Each observation from the measured variables represents a row vector, these vectors can be 
called the cross directional (CD) profile. In other words a CD profile of a variable describes 
the measurements of this variable across the web. The figure below shows an example of the 
CD profile for the variable YTVIKT1.  

 

 
 

As can be seen in figure 4-1 the basis weight fluctuates between 106 g/m2 and 109.5 g/m2 at 
02:00 in 051015.  

Figure 4-1. The CD profile for the variable YTVIKT1, at 02:00, 051015.
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Figure 4-2. The graph to the left describes data before the transformation and the right graph 
describes data after the transformation. 

 
4.2 Difficulties in analysing the variables 
 

One of the difficulties in analysing the data is that the output from some CD-controls 
sometimes changes across the whole width, i.e. the mean output has changed. This type of 
changes has an effect on the MD average. To separate the control action that affects the MD 
average from the control action affecting the CD-profile, the deviation from the output and the 
mean output from CD control was analysed. The remaining control action in the data material 
explains how the CD profile changes. 

 

The graphs below illustrate the difference between analysing raw data and the data material 
where the mean output from the CD control is removed. The figure to the left shows the raw 
data material and the figure to the right shows the same data material after the mean output 
from the CD control has been removed. Notice that the ridge across the paper web during the 
time period 35-45 is filtered out and has no effect on the analysis. 

 

 

Another problem is that the data material still contains 27 to 75 dimensions (depending on the 
variable) where every CD position is a dimension. PCA has been used in earlier studies of the 
cross directional control to reduce the number of dimensions to facilitate the analysis. 

 
4.3 Identification of interesting time series 
 

The time series used in all the analyses is during the interval 051015 to 051025. The raw data 
was downloaded from MOPS (the process information system used at Grycksbo mill). Figure 
(3-3) shows an example of how the mean CD profile for every hour of the variable 
INLOPP_bv changes during the time period. Many obvious outliers were discovered in the 
data material, these observations were excluded from the analysis. Another problem was that 
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many of the hours contained a considerably smaller amount of observations then others, this is 
due to that no values are collected from the headbox when the production is stopped. The 
hours with very few observations were excluded from the analysis, this to avoid the risk of a 
few fluctuations in the control having a very high influence on the variance of the residuals. 
The hours removed are visible as white gaps in the figure below. 

 

4.3.1 General review of the data 

 
Figure 4-8 shows a very noticeable pattern of peeks and valleys during the hours 1-60 and 
120-240, while the pattern of period 60-120 differs. It is however obvious that the patterns 
follow a CD profile, where the patterns for periods 1-60 and 120-240 follow the same CD 
profile and the hours 60-120 follows another profile. 

 

Another useful graph, used to visualise how the set points changes, can be formed by 
removing the mean CD profile for the whole period from the graph above (4-3). This results 
in clear picture of which periods do not follow the average CD profile. See figure 4-4.  

 

 

 

 

 

 

Figure 4-3. Raw data from the variable INLOPP_bv (mean CD profiles for every 
hour). 
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As in figure 4-3 the period 60-120 is clearly noticeable. 
 
4.3.2 Method one, Principal Component Analysis 

 
The first method used to identify interesting time series is based on PCA. As mentioned, the 
variables that describe the control actions in the process are described by numerous 
dimensions. PCA is used to describe the variations in the data matrix describing the control 
actions of e.g. INLOPP_bv during a chosen time interval. The PCA is performed by a matlab 
script that calculates the principle components needed to explain 70 % of the variation and 
thereby reducing the number of dimensions in the matrix. 
 
The analysis initially studied the first hour of the randomly chosen time period.  The results 
extracted from the PCA include loadings and pc-scores for the principal components. 
 
To examine if the process was stable during the studied time interval, an EWMA 
(exponentially weighted moving average) control chart was set up, where the residuals 
between the pc-scores and the corresponding EWMA were plotted. The residuals distribution 
is estimated to compute the control limits used in the control chart. These plots are 
supplemented by the pc-scores of principal component one plotted with an EWMA.  
 

Figure 4-4. data from the variable INLOPP_bv without the mean CD-profile 
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Two principal components were required to explain 70 % of the variation. The components 
loadings patterns are not interpretable. The first principal components pc-scores does not 
follow the EWMA that well and the residuals can not be considered to belong to NID (0, σ). 
At first, this was interpreted as a shift in the process but in fact the residuals are not 
independent of time.  
 

 
 
 
 

 
 
The autocorrelation of the residuals for the first four lags can be seen in table (4-2) where R 
represents the correlation coefficient and P represents the probability that the correlation 
coefficient equals zero. The p-value (0,00000) for lag 1 proves that the residuals are 
autocorrelated. 
Different values of λ in formula (3.4-3) were tested to avoid this none independence. The tests 
showed that the EWMA follows the pc-scores best when λ is set to 0,99. This indicates that 
the data material is highly auto-correlated.  
 

lag 1 2 3 4 
R 0,8721 0,6462 0,3942 0,1495
P 0,0000 0,0021 0,0855 0,5293

Figure 4-5. loadings, pcscores, EWMA and EWMA control chart for hour 1 and variable A090TC_bv λ=0,2 .

Table 4-1. Autocorrelations fore lag 1-4 
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Figure (4-6) shows the results of the EWMA control chart when λ is set to 0,99. Now the 
EWMA follows the first principal components pc-scores very well, the residuals also seem to 
belong to NID (0, σ). The residuals autocorrelation for the first four lags can be seen in table 
(4-6). 
 
lag 1 2 3 4 
R 0,5193 0,2673 0,0217 -0,0810
P 0,0190 0,2546 0,9275 0,7341 

Table 4-2. Autocorrelations for lag 1-4 
 
As can be seen in the table above, there is a high probability that a significant autocorrelation 
is present, this autocorrelation is however not at as high as when λ was set to 0.2. Using a λ 
set to 0.99 has its consequences, the control chart will now only consider the pc-scores change 
from one observation to the other. This means that slow changes in the process will not be 
detected. This method of estimating residuals is similar to an ARIMA (autoregressive moving 
average) model and can be formulated as follows: 
 

ttt xx ε+= −1       (4.3-1) 
 
This method is not suitable for the analysis since slower changes in the process will not be 
detected. 

Figure 4-6. loadings, pcscores, EWMA and EWMA control chart for hour 1 for variable A090TC_bv λ=0,99
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According to Montgomery (2004), less frequent sampling can break up the autocorrelation in 
process data. This method is tested in connection to EWMA with lambda set to 0.2 in order to 
detect slower shifts. 
 
In the test every 10th pc-score extracted from the PCA was picked out and analysed in the 
EWMA control chart. The analysis is now for the whole period (051015 to 051025). The 
figure below shows how the analysis would look if all the observations were considered. 
 

 
 
It is very clear that the residuals do not belong to NID (0, σ). This can be seen in the EWMA 
control chart where a large amount of the observations exceed the control limits. The EWMA 
control chart below is for the same period but in this case every 10th observation is plotted. 

 
 
 

Figure 4-7. loadings, pcscores, EWMA and EWMA control chart for hour 1-240 and variable INLOPP_bv 
λ=0,2 

Figure 4-8. Residual and corresponding control limits for the 
variable INLOPP_bv during hours 1-240 (every 10th observation 
included) 
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Once again, many of the observations exceed the control limits. The autocorrelation is 
calculated for the first four lags, see table 4-3. 
 
lag 1 2 3 4 
R 0,5032 0,4643 0,4369 0,4384 
P 0,0021 0,0050 0,0087 0,0084 

 
 
 
The probability of the correlation between t and t-1 being 0 is 0,2 % meaning that the data 
material probably is autocorrelated. 
 
A last attempt was made where every 20th observation was plotted in the control chart, see 
figure 4-9 below. 
 

 
 
The autocorrelation is once again calculated for the first 4 lags. 
 
lag 1 2 3 4 
R 0,1402 0,1956 0,0738 0,1568 
P 0,4518 0,2916 0,6932 0,3996 

 
 
With a p-value of 0.45 we can draw the conclusion that the value zero belongs to the 
confidence interval (95 %). This means that we can assume that the autocorrelation has been 
broken from the data. There is however still a large number of observations that go beyond 
the control limits, this can be due to that the process is unstable during the analysed period. 

Figure 4-9. Residual and corresponding control limits for the 
variable INLOPP_bv during hours 1-240 (every 20th observation 
included) 

 

Table 4-4 Autocorrelations for lag 1-4 

Table 4-3. Autocorrelations for lag 1-4 
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The principal component analysis is advantageous when analysing the activity of the control 
system during a certain period, it is also possible to see when the CD profile looks unusual 
and estimate the control action in different periods. The drawback with this method is that it 
demands many quite complicated calculations which makes an introduction of an online 
analysis difficult. The method will also most likely be perceived as abstract and 
incomprehensible for the staff watching over the process. 
 
4.3.3 Method two, Variance Component Analysis 
 

Chapter (2.4) describes the basics of variance component analysis. This chapter describes the 
study of the residuals in the variance component analysis. Variance component analysis was 
carried out for every hour to identify the periods when the control activity was unusually high. 
This means that the data material measured during every specific hour forms a matrix where 
the columns represent a CD position and the rows represent every available scan. The 
variance of the residuals was calculated for each of these matrixes to estimate how much the 
CD profile changed during the hour. A graph of the variance of the residuals over time is 
plotted in order to illustrate the demand in control action necessary to maintain a uniform 
quality of the variable YTVIKT1. See the figure below. 

 
 

It is clear from the figure that some hours have a high activity. These are the hours where the 
values are considerably higher then the others in the figure. There is also an indication of a 
slower pattern, i.e. that the variance of the residuals during some periods follows a trend (see 
the dashed trend lines). This can be due to that the noise around the mean CD profile is not 
independent of time. 

 

A clearer view of the variance of the residuals correspondence to the degree of change in the 
control actions is given when placing the residual variance graph next to the graph 
representing the control action for the basis weight. See the figure below. 

Figure 3-10. The variance of the residuals for the 
variable INLOPP_bv 
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It is clear from figure 3-11 that every top in the variance of the residuals corresponds to a 
change in the CD profile. To determine when the process is “out of control” i.e. the activity in 
the control action is unusually high, control limits (alarm limits) needs to be calculated. The 
purpose of the control limit is to determine if the process is under control or not. If a value 
exceeds this limit the process is out of control. The slower variation in the variance of the 
residuals needs to be filtered out in order to estimate a control limit. This is done by 
performing an EWMA2. When performing the EWMA, λ in the formula (3.4-3) was set to 
0.2. These control limits or alarm limits can be used in an online analysis, to give an alarm 
when the activity in the control action is unusually high.  

 

In the graph “residual variance” the variance of the residuals and the EWMA are plotted over 
time. The difference between these time series is plotted in the graph “residuals and upper 
control limit” among with the control limit. This graph is what the literature refers to as an 
EWMA-control chart. 

                                                 
2 EWMA (Exponentially Weighted Moving Average) 

Figure 3-11. The variance of the residuals per hour plotted next to the data without the mean 
CD-profile for the variable INLOPP_bv. 
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Figure 3-12 shows that a number of observations exceed the control limit. These observations 
are hours where the control system has been forced to change the CD profile for the set 
points. The change in the CD profile is probably due to a change or a defect in the process. By 
further investigation of how the CD profile changed during the hour, it can be possible to 
identify the cause for the change. A shortcoming with the EWMA control chart is that the 
slower variation will not be noticeable. Because of this the authors believe that both of the 
graphs above should be available for the person controlling the process. But it is difficult to 
estimate an alarm limit for the slower variations, due to the autocorrelation. 
 
There is now a method to identify in which periods the control systems activity is unusually 
high. The greatest advantage with method 2 is that it can easily be implemented as an online 
analysis where the variance of the residuals is computed for the last hour. However unlike 
method 1 this method does not characterize the shifts. A separate method is needed in order to 
characterize the shifts. 
 
4.4 Characterizing the shifts 

 

During the periods defined as out of control the output from CD control has changed. In order 
to characterize these shifts in the output, a further analysis has to be performed on the periods 
where an unusual control activity was identified. The easiest way of doing this is by plotting 
the data material of the interesting periods, an image of the data can be generated by using 
PCA. PCA and graphical methods will be used in this chapter to illustrate how a typical shift 
in control actions can be visualized.  

 

Figure 3-12. EWMA control chart for the variance of the residuals.  
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Data material from hour 109 will be used in this example. Figure 3-13 on the following page 
illustrates how the data material for the hour 109 looks. 

 

 
The method using variance component analysis indicates that a shift has occurred during hour 
109 but the figure does not show an obvious shift. A clearer picture of what happened during 
the period can be viewed by using PCA. The figures below show the loadings and pc-scores 
for the data material.  

 

 

Figure 3-13. Raw data from the variable INLOPP_bv during hour 109 

Figure 3-14. Loadings and pcscores for the variable INLOPP_bv during hour 109 (the 
blue, thick line illustrates the loadings and pcscores corresponding to the first principal 
component) 

CD-positions Time 

pcscores loadings 
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Two principal components were needed to describe more the 70 % of the variation. The 
loadingplot shows that the first principal component describes a change in the set point that 
mostly effects the outer CD positions. The first principal components pcscore increases during 
the whole period, also notice that the pcscore is negative in the beginning of the period and 
positive in the end. It can be difficult to understand how the set pointes has changed by only 
looking at the loadings and pcscores, however the shift can be illustrated by a figure where the 
product of pcscores and loadings are plotted. An explanation of what the product of pcscores 
and loadings really means is given in the figure below. 

 

The second graph in figure 3-15 illustrates the change in control action during hour 109. The 
shift that principal component one describes is most obvious for CD positions 28-33. A clear 
change in control action is visible where the system goes from low control values to high 
control values in comparison to the mean CD profile. Other effects of the shift related to PC1 
can be seen in CD positions 3 and 4 where the control action goes from higher to lower 
values. The periodic swaying that is present over the whole paper web is described by 
principal component two. 

 

The graphs that describe the product of loadings and pcscores can seem a bit abstract. 
“Traditional graphs” showing the CD profiles mean during different intervals should be used 
as a supplement and to simplify interpretation.  

Figure 3-15. (1) shows the mean CD profile for the period, (2) shows the product of pcscores and 
loadings. If (1) and (2) are added you get (3) that describes the simplified image of the data material, (4) 
describes the original data material used in the PCA, i.e. the same as in figure (4.3-1)  
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To describe the shift shown above as clearly as possible, the mean CD profile for a number of 
CD profiles are plotted for a period before (obs. 1-8), during (obs. 9-17) and after the shift 
(obs. 18-25). See the figure below. 

 

 
 

As concluded earlier the shift during hour 109 has the largest effect on CD positions 3 to 4 
and 28 to 33. This can be seen in the graph describing the deviation from the mean CD 
profile. 

 

The authors argue that a combination of the graphs above very effectively characterizes the 
shifts. 

 
4.5 Evaluating the possibilities to identify primary causes 

to the disturbances 
 

One of the goals set up in this thesis was to evaluate the possibilities of identifying primary 
causes to the disturbances by using the method developed to analyse the control actions. In 
order to determine this, a meeting was held with Mats Hiertner, specialist at the process 
analysis and web handling department at Falun Research Centre and Ulf Persson, control 
system specialist at Grycksbo Mill. During the meeting the following was presented. 

Figure 3-16. Mean profile for a number of CD profiles before, during and after the shift, 
Mean CD-profile (deviation) shows the deviation from the whole periods mean CD 
profile. 

mean CD-profile mean CD-profile (deviation) 

CD-positions CD-positions 
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4.5.1 General analysis 

The variables first presented were the ones measuring the papers properties, i.e. YTVIKT1, 
YTVIKT2, FUKT1 and FUKT2. Figure 3-17 clearly displays great deviations from the 
nominal value during hours 60 to 120. It is obvious that the paper produced during this period 
will differ from the rest of the paper, e.g. YTVIKT1 shows values that are around 14 g/m2 
lower in the edges than in the rest of the paper web. 

 
 

This was followed by a presentation of the variables describing the control actions and the 
variance of their residuals during the same period. Once again it is very clear that something 
out of the ordinary occurs during the period 60 to 120. As mentioned in chapter 3.2.2 the 
noise of the variables describing the control actions are not constant, this can be seen in figure 
3-18 where the variation increases during the period 60 to 120 for the variables INLOPP_bv 
and the variables that describe the control actions of moisture. However the variable 
BEST_bv seems to have a relatively stable level of variation during the whole period with the 
exception of the outliers visible in the plot. 

 

Figure 3-17. Plots of the variables describing the properties of the paper 
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An interesting observation can be made by studying the figure describing the control action of 
the variable INLOPP_bv.  The control systems activity is at its minimum during the period 
when the basis weights deviation is at its peek. The periods before and after the shift show a 
distinct CD profile with ridges and valleys, they are however levelled during the unstable 
period. This is a sign of a considerably decreased control activity. In other words, the control 
activity is very low during the period when it is needed the most. 

 

The cause of the turbulent period between hour 60 and 120 was quickly identified by Persson. 
Apparently the process is very unstable during periods when PM9 produces paper with a basis 
weight over 200 g/m2. Persson’s interpretation of the problem is that the noise present in the 
process (e.g. YTVIKT1) is much higher when producing paper with a basis weight over 200 
g/m2. An effect of this could be that the control system interprets the large variations in the 
measured variables as outliers. 

 

Persson also believes that INLOPP_bv is the most interesting variable to study. This because 
the variables controlling the moisture (A090tc and A092tc) are highly related to the variable 
INLOPP_bv which is natural since the fluctuation in the amount of fibres effects the control 
required for the infra heater to reach a specific moisture content. The variable BEST 
(controlling the coating section) is controlled by IR instruments measuring the amount of the 
coating which makes it robust to variations in the basis weight. In order to demonstrate which 
periods that are classified as outliers a figure of the variance of the residuals including a 
control limit was presented. 

 

Figure 4-18. Data without the mean CD profile and the corresponding variance of the residuals for the 
variables describing control action during hours 1-240. 
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The observations that exceed the control limit are regarded as periods when the activity in the 
control action is unusually high. Among these observations one was selected (hour 109) for 
further analysis in the presentation. During hour 109 the variables INLOPP_bv and A090tc 
were out of control. The result of the analysis is presented in the figures below. 

Figure 4-19. EWMA control charts for the variables describing control action during hours 1-240. 
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Figure 4-21. Plots describing the shift in the variable A090TC_bv during hour 109 

data loadings

mean CD-profilepcscores * loadings

pcscores

mean CD-profile (deviation)

Figure 4-20. Plots describing the shift in the variable INLOPP_bv during hour 109 

data loadings

mean CD-profilepcscores * loadings

pcscores

mean CD-profile (deviation)

Example from hour 109 
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The loading-plot shows that the shift in the variable A090tc has the largest effect on CD 
positions 55 to 70 which corresponds to the same part of the paper web as the shift for 
INLOPP_bv (CD positions 28-33). This can also be seen from the plot of the mean profile 
deviation. The pcscores indicate that the major change in the control activity occurs as an 
impulse during the observations 15-25. This corresponds to the period when variable 
INLOPP_bv changes the most. 

 

The shift during hour 109 mentioned above and other significant shifts presented to Persson 
were identified as periods when the production is switched from one paper quality to another. 
It can seem very obvious that the periods during paper quality changes will result in higher 
control activity. This was however neglected since the changes of paper quality in the earlier 
study at Fors had no affect. That the shifts identified have obvious explanations can seem as a 
failure, however this proves that the method developed to discover periods when the control 
activity is unusually high actually works. 

 

The different graphs in the figures 4-20 and 4-21 describe the change in the control action in 
different ways. The authors believe that the combination of graphs can be helpful in order to 
reach everybody that are involved in the analysis. The variety of graphs will hopefully 
simplify the interpretation and enable all the people involved to conduct an analysis. 

 

4.5.2 Summary and comments from Persson 

 

When asked if the method developed could be used to identify primary causes of 
disturbances, Persson answered; “The method is very effective in identifying interesting 
periods where primary causes to the shift can be sought.”  
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4.6 Implementing the solution as an online analysis 
 

It is in this area that this thesis has made most progress. Variance component analysis can 
easily be computed in Excel which is advantageous since this software is considerably more 
accessible than matlab. The fact that MOPS can be accessed through Excel means that a sheet 
could be programmed to download data from MOPS and calculate the variance of the 
residuals for every last hour. The EWMA can filter out the slower variations and thereby a 
control limit can be calculated. This combined with a well designed interface this could be a 
very helpful tool for the personnel supervising the process. Periods classified as outliers, i.e. 
when an unusual control activity is alarmed by the method, should be saved and characterized 
by using PCA. The advantage of an online analysis is that when the variance component 
analysis sounds the alarm the personnel can note down unusual observations and the problem 
can be analysed on the spot. An online analysis combined with a later off line analysis could 
grant the personnel good possibilities to identify the primary causes of disturbances. If the 
causes of disturbances are identified there is a possibility that they can be eliminated and a 
more stable process will be achieved. 
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5 Discussion/Conclusions 
 

This chapter discusses how well the goals set up in the thesis were fulfilled, furthermore a 
discussion concerning the validity and reliability of the report and the choice of methods is 
presented. In addition to this a proposal will be given on continued studies. 
 
5.1 Conclusions 

 
• Variance component analysis can be used to identify period when the control action is 

unusually high. 

• Principal component analysis can characterize the changes in control action. 

 

There is a great possibility of implementing the presented method in an online analysis. This 
would be a very helpful tool for the operators, giving them a chance to react to alarms from 
the online system on the spot. The online analysis would thereby increase the possibilities of 
identifying the causes of the detected disturbances 
 
5.2 Discussion 

 
This master’s thesis is part of the continuous efforts in trying to eliminate primary causes of 
disturbances. The purpose of the thesis is defined in chapter (1.2) as follows: 
Develop a technique to analyse multiple control actions simultaneously and characterize the 
shifts in the control activities. This is done to enable future plans of introducing an online 
analysis on the process and will bring Stora Enso a step closer to detecting the primary causes 
of disturbances. 
 
The purpose can be divided into the following four separate goals: 
 
Develop a technique to analyse multiple cross directional control action simultaneously. 
Develop a technique to characterize the shifts. 
Evaluate the possibilities of identifying the primary causes of disturbances. 
Evaluate the possibilities of introducing an online analysis. 
 
 
The method developed does not analyse multiple cross directional control action 
simultaneously. It has however been used to analyse the different control actions during the 
same periods, even so the analyses are independent of each other. The failure in fulfilling this 
goal is mostly due to that the method presented in the earlier study of CD control action was 
based on a bump test and since no such test was available for PM9 a new, time demanding 
method had to be developed to identify the periods when the control activity was unusually 
high. This method (described in chapter 4.2) is however very effective.  
 
 
The principal component analysis combined with different graphical methods can be used to 
characterize the shifts. 
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The meeting with Ulf Persson gave proof of the methods effectiveness in identifying unstable 
periods. Unfortunately no conclusions could be drawn concerning the possibility of 
identifying the primary causes of the shifts. Although exceeding the purpose of the thesis, an 
effort was made in trying to find the primary cause of the shift occurring when the basis 
weight exceeds the 200 g/m2 limit, this is shown in appendix 2. 
 
There are great possibilities of implementing an online analysis, it is in this area the research 
has made most progress. The new method of identifying shifts in the process enables the 
usage of Excel in the online analysis, making an implementation easier. The new method also 
simplifies the estimation of control limits.  
 
5.2.1 Choice of methods 

 

One of the fundamental assumptions made in the beginning of the study was that the control 
system eliminates all disturbances in the properties of the paper. This has however during the 
study proven to be a faulty assumption, see figure (3-17). The disturbances found in the 
properties of the paper are considered to be a special case. Since this research is performed 
from a general point of view and is to be applicable for any paper mill it would have been an 
advantage if the analysis was performed on a machine where the control system eliminates all 
disturbances of this kind. 
 
The data used in the analysis were downloaded from MOPS, it is very unlikely that the data 
stored there is unreliable. It is mentioned in the report that a large number of outliers were 
found in the data material, these outliers arise in connection with the breakage of the web. The 
variables chosen for the analysis were picked out in consultation with Mats Hiertner and Ulf 
Persson which indicates that the variables analysed are correct.    
 
Very few visits were made to Grycksbo mill (only three) during the project, there probably 
would have been a few less misunderstandings if there had been a better communication with 
Grycksbo mill.  
 
5.2.2 Reliability 
 
Whether the data downloaded from MOPS is correct or not is uncertain but given that the 
measurement equipment is very advanced, it is assumed that the measurements are correct. 
Furthermore it is believed that the analyses made can be redone by reading this report. 
 
5.2.3 Validity 
 
As mentioned earlier, both Mats Hiertner and Ulf Persson have been very influential when 
choosing the variables to analyse. With support from their great experience and competences 
it is considered that the variables chosen for the analysis are correct. Every step in the shaping 
of this method has been discussed and approved by Mats Hiertner. 
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The results extracted from the analysis can seem a bit abstract but interpretation is more 
understandable after a few analyses. This in combination with the support from Mats Hiertner 
insinuates that the validity of the developed methods is high.  
 
 
5.2.4 Recommendations  
 

The continued studies should focus on trying to implement the methods developed on an 
online analysis. This should be followed by a project with the goal of identifying primary 
causes of disturbances. The results of this project will either be positive or in the worst case 
identify weaknesses in the method proposed in this thesis. Another alternative of continued 
studies is to proceed with the research of finding a method to analyse multiple cross 
directional control action simultaneously and after this carry out an attempt on an online 
analysis. 
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Appendix 1 
 
The data material collected from MOPS is returned as a matrix in Excel, the matrixes are 
gigantic so the figure below only shows the North West corner.  
 
 

 

 Figure(0.1-1) An example of a data matrix collected from MOPS. 



   

 ii

Appendix 2 
 
Persson assumed that the noise for the variable YTVIKT1 increases during the periods when 
paper qualities with a basis weight higher then 200 g/m2 are produced. Persson also believes 
that this increase of noise results in the control system regarding the measurements during this 
unstable period as outliers, meaning that the control system will not take these measurements 
into consideration and lowers its control. In order to verify this, an analysis was made 
investigating if the noise actually increases during these periods. The results of the analysis 
showed that the noise does not increase during these unstable periods so the problem was 
further investigated. A peculiar correlation was found and can be seen in figure (0.2-1) below 
 

 
 
By looking at this figure it is obvious that the control system actually is trying to compensate  
the defects in the variable YTVIKT1. What’s strange is that in the figure above the mean CD 
profile has been removed which means that the headbox control looks rational if it is 
compared to how it usually controls. A different pattern is noticeable if the actual 
measurements downloaded from MOPS are studied. Se figure (0.2-2) on the following page. 

Figure (0.2-1). Raw data from the variables YTVIKT1 and INLOPP_bv during the hours 1-240 
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A completely different view can be seen in this figure. The control system almost stops 
controlling during the period with the large deviations. This supports Persson’s explanation of 
the problem, i.e. the control system stops controlling which results in great deviations in the 
basis weight. 
 
The following however suggests that the theory just mentioned is wrong, the values of the 
variable INLOPP_bv gathered from MOPS can be explained as the amount of water used by 
the Headbox to dilute the pulp where a high value corresponds to a high dilution. In order to 
explain how this affects Persson’s theory, a graph is shown, see figure (0.2-3) describing three 
mean CD profiles for different time periods. The first mean CD profile describes the 
observations 1-60 (the stable period before the shift) and the other two profiles describe the 
CD profiles appearance during the period that YTVIKT1 showed great deviations from the 
nominal value. These three profiles are shown for the variable YTVIKT1 together with the 
graph describing the variable INLOPP_bv during the same periods. 
 

Figure (0.2-2). Raw data from the variable INLOPP_bv during the 
hours 1-240 
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The control actions (INLOPP_bv) for the outer CD positions are during the observations 1 to 
60 much higher then during the observations 60 to 100, this means that when the basis weight 
sinks to -12 g/m2 the dilution from the headbox is lower then during the stable period. If 
Persson’s theory was correct the outer CD positions should have been unusually high, instead 
of low, since the headbox was diluting unusually less then normal for these positions. 
 
Since INLOPP_bv with the removed mean CD profile corresponds to the deviations in 
YTVIKT1, the mean profiles are plotted in the same way as in figure 3. 
 

Figure (0.2-3).  
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It is obvious from figure 0.2-4 that the control actions better correspond with the defects in the 
variable YTVIKT1 during the troubled period. It should be observed that CD position 32 for 
the variable INLOPP_bv is not further reduced during the period describing the observations 
90-110 where the defects in the variable YTVIKT1 is considerably higher. This could be due 
to that CD position 32 reaches its minimum boundry at around 45 % (see figure 0.2-3). The 
authors’ hypothesis is that the different CD positions minimum and maximum limits are 
dependent of the mean CD profile during a “normal” time period. Figure (0.2-5) on the next 
page shows the mean CD profile for the observations 1-60 that are regarded as normal 
including two suggestions on min and max limits. 

 
 

Figure (0.2-4).  

 

Figure (0.2-5). The mean CD-profile during 1-60 and two suggestions on min and max limits. 

CD-positions CD-positions 
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Assume that the min and max limits are set up as an interval around the mean CD profile for a 
normal period (see the graph to the right) in contrary to fixed limits (graph to the left).  With 
this as an assumption the control actions were studied in the same way as in figure 0.2-4, i.e. 
the mean CD profile is estimated with the observation 1-60. 
 

 
 
The control action for CD position 32 has decreased to zero which supports the theory that the 
control action has reached its minimum in the area where the basis weight deviates the most 
from its nominal value. The explanation of the deviation may seem a bit far-fetched but it 
would explain why the control activity of the variable INLOPP_bv is at its lowest during the 
period when the largest deviations in the basis weight are present. See figure (0.2-7) below 
describing the variance of the residuals for the variable INLOPP_bv. 
 

Figure (0.2-6).  
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The circled area in the figure where the variance i.e. the control activity is the lowest 
corresponds to the observations 90-110 where the deviation in variable YTVIKT1 is the 
highest. 

Figure (0.2-7). The variance of the residuals for INLOPP_bv 




