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Abstract
Bleaching is an essential process in chemical pulp production for better pulp brightness and longer
life expectancy. However, it causes costs such as chemicals, energy, equipment, and loss of yield.
Non-linear reactions and several process variables, with interactions, make large plants complicated
to model and optimize. As an expensive process bleaching has been a natural target of optimization,
but there is still the need to either improve these methods or consider the optimization problem from
a new point of view.
The aim of this thesis was to develop production optimization methods for pulp bleaching, so that
they are practical, usable on-line, easy to tune, and transferable. According to our assumption, neural
networks could provide a practical optimization method by combining analytical knowledge with real
data. In this kind of problem, the load sharing concept, recognizing interactions in chemical usage and
the serial multi-stage nature of the process can simplify the task.
The related work in bleaching optimization was studied as well as multi-stage serial process
solving in principle, related optimization methods and especially neural networks in optimization.
The data were collected during normal mill operation and modeled using neural networks.
Optimization was performed based on visualizing the neural network models.
The results showed that backpropagation neural networks are capable of modeling parts of the
bleach plant and also the entire bleaching operation to such an extent that they are useful in the
optimization. The modeling and the tuning can be performed without a profound knowledge of the
system, but the process is slower and less reliable. Moving a trained neural network to another mill
is inadvisable. It is more reasonable just to transfer the knowledge of variables and network structure.
The important factor in on-line production optimization is the stabilization of the disturbances and a
well-controlled operation towards a more economical state. Generally, more than half of the total
chemicals should be used in the first bleaching stage D0 and the remaining load should be divided so
that the dosage at the D1 is about 30% higher than in the D2 stage.

Keywords: backpropagation, bleaching, fuzzy cognitive maps, kraft pulp, load sharing,
modeling, neural networks, optimization

To think is easy. To act is hard. But the hardest thing
in the world is to act in accordance with your thinking.
Goethe
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List of symbols and abbreviations
Latin symbols

Ak
Ai
B
Ci,j
Ck
Cst
DF
Ea
EAUG
Ei
Est
Ki
L0
L1
Lst
pH
R
T
V
V2
Vp
W
Wij
X0
X1
Y1
Y2
a, b
bi

Constant in calculating rate constant of bleaching models,
depending on inlet kappa number
Activation level in fuzzy cognitive maps
Brightness
Concepts in fuzzy cognitive map
Concentration of chromophores, expressed as k value
Standard consistency in washing
Dilution factor, V2-L1 in washing
Activation energy
Augmented matrix of group of experts in fuzzy cognitive map
Expert’s fuzzy cognitive map,
Modified Nordén efficiency factor in washing
Kappa numbers
Inlet pulp stream in washing
Outlet pulp stream in washing
Equals (100 - Cst) / Cst in washing
Logarithm of the reciprocal of the hydrogen ion concentration of a
solution
Gas constant, 8.31 J mol-1K-1
Temperature (K)
Coefficient of variation, which describes the deviation in mixing at
bleaching stage
Wash liquor stream in washing
Production rate through a stage or plant
Total liquor volume per unit mass dry pulp
Causal strength between concepts Ci and Cj in fuzzy cognitive maps
Solute concentration in inlet pulp stream in washing
Solute concentration in outlet pulp stream in washing
Solute concentration in filtrate in washing
Solute concentration in wash liquor in washing
Constants in a general model for bleaching kinetics
Weight for expert i in fuzzy cognitive map
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c
f
g
h
ki
n
nf
p
s
sdev
t
u(k), ui
wn
x̄
x(k), xi

Concentration of the bleaching agent in the liquor; mass per unit
volume
Threshold function in neural network
Constraint in optimization
Constraint in optimization
Reaction rate constant, depends on temperature and type of pulp
Number of chromophores per unit mass of dry pulp
Lowest value of n that can be reached in the particular bleaching
process being considered
Process variables in optimization
Stoichiometric coefficient which relates the number of
chromophores destroyed in the consumption of the bleaching agent
Standard deviation of the bleaching agent charge in mixing
Time (reaction time)
Control variables in optimization (chemical dosage)
Associated strength in neural network
Average charge of the bleaching agent in mixing
State variables in optimization (kappa, brightness)

Greek symbols

α
β
χ
Σ

Constant parameter in oxygen delignification model
Constant parameter in oxygen delignification model
Constant parameter in oxygen delignification model
sum

Abbreviations and other symbols

A
ADt
AEL
ANN
BP
BPJC
BPDF
C
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Acidic stage in bleaching, sulfuric acid or sulfuric dioxide water is
used as a reagent
Air-dry tonne of pulp
The centre for technical training in Finland, where AEL/METSKO
is specialized in the pulp and paper area
Artificial neural network
Backpropagation
Jump connected backpropagation
Backpropagation with dampened feedback
Acidic bleaching stage, chlorine gas as a bleaching reagent

CBR
CD

Case-based reasoning, a problem solving methodology
Acidic bleaching stage, chlorine gas and chlorine dioxide as a
bleaching reagent
CPPA
Pulp and Paper Technical Association of Canada
D0, D100
First acidic bleaching stage, chlorine dioxide as a bleaching reagent
D1
Second acidic bleaching stage, chlorine dioxide as a bleaching
reagent
D2
Third acidic bleaching stage, chlorine dioxide as a bleaching reagent
E
Alkaline extraction stage where sodium hydroxide is used as an
extraction reagent or washing stage after this stage
ECF
Elemental chlorine free
EDR
Equivalent dilution factor
EO
Data grading so that every other data line is used for training
EO
Alkaline extraction stage where sodium hydroxide and oxygen are
used as extraction reagents or washing stage after this stage
EOP
Alkaline extraction stage where sodium hydroxide, oxygen and
hydrogen peroxide are used as extraction reagent
FCM
Fuzzy cognitive maps
FH
Data grading so that first half of data line is used for training
FMEA
Failure modes and effects analysis
FORTRAN The IBM mathematical formula translator, a programming language
GEMS
General energy and material balance system
GRNN
General regression neural network
H
Alkaline bleaching stage where sodium hypochlorite is used as a
bleaching reagent
IEEE
The Institute of Electrical and Electronics Engineers Inc. is
professional association for the advancement technology
IEICE
The Institute of Electronics Information and Communication
Engineers
IMACS
The Institute for Mathematics and Computer Science
IN, In
Input
ISO %
Unit for pulp or paper brightness analyzed by SCAN-C11:75
standard
kgaCl
Mass of used bleaching chemical as active chlorine
Mass IN
Production capacity
MLP
Multi-layer perceptron, a neural network type
NN
Neural network
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O
O, Out
P
Paa
PI
PNN
PO
PWR
Q
SH
SIMNON
SOM
SSE
TAPPI
USA
Z
∪
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Alkaline delignification stage where oxygen is used as a
delignification reagent
Output
Alkaline bleaching stage in which hydrogen peroxide is used as a
bleaching reagent
Acidic bleaching stage, peracetic acid as a bleaching reagent
Control algorithm which combines proportional and integral
calculation
Probabilistic neural network
Alkaline bleaching stage where oxygen and hydrogen peroxide are
used as bleaching reagents
Pressurized water reactor, a nuclear reactor type
Acidic bleaching stage, chelating agent is used to remove metals
from pulp
Data grading so that second half of the data line is used for training
A dynamic simulation program
Self-organizing maps, Kohonen map
Sum-squared error
Technical Association of the Pulp and Paper Industry
The United States of America
Acidic bleaching stage, ozone as a bleaching reagent
Optimal point or area between the concepts and any change of
concept i decreases or increases the concept j.
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Introduction

1.1

Neural networks

Neural networks are computing procedures, which utilize the concept of the
biological nervous system. This thesis mainly uses the term neural networks;
while there are also several other commonly used terms like neural nets, artificial
neural networks, or abbreviations as NN or ANN. The aim of neural networks is
not to copy the biological nervous system exactly or imitate how it really works,
but rather it reflects the idea that many simple elements operating in parallel with
multiple connections can do complicated calculations. Neural networks are one of
the intelligent methods, which include fields such as fuzzy systems, neural
networks, and genetic algorithms. These methods are used for numerous
applications, alone or together with conventional solutions. Most of the
applications are in areas, which are hard to resolve, control, analyze, or optimize.
Neural networks provide a special computing architecture whose potential
has been exploited since the middle of the 1980s and mostly during the the 90s.
They are used to address issues that are refractory or troublesome with traditional
methods. However, the pioneering work in the area of neural networks was
published as early as 1943 (McCulloch and Pitts 1943), and it had a profound
influence on the development of the theory of neural networks. In the 60s, there
was a considerable interest in the area, but limitations in the neural network
theory and also the fast progress of information technology diminished the
keenness, until Hopfield’s breakthrough article (Hopfield 1982). He proposed a
network architecture, which is called today Hopfield net, even though Little had
presented it earlier in the 70s. The most important factor in that paper was the
clear and simple explanation on how the network works as an associative memory
and it also had examples of solving optimization problems. (Dayhoff 1990)
Basic computing unit in the neural network is the neuron or node, presented
in Fig. 1. Each element has multiple inputs and outputs, even though it is common
to have only one output from the output layer. Each input connection has an
associated strength, given as w1, w2,… wn. The output value is computed using
the threshold function f and the weighted sum of the inputs. All outputs of the
neuron get the same value.
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Fig. 1. Basic computing unit, a neuron for artificial neural networks.

When neurons are located in parallel, they establish layers, which when ser
consecutively form an artificial neural network, as in Fig. 2. As the scheme of a
backpropagation neural network has three layers in the figure, there is always one
input layer, one output layer, and normally at least one hidden layer, but it is also
possible to use a network, consisting of only two layers, like in the Kohonen map.
Neural networks are discussed in Chapter 3, and more detailed reading is
available in various textbooks. (Dayhoff 1990, Freeman & Skapura 1992,
Kohonen 1995, Kosko 1992)

Fig. 2. Scheme of a simple multi-layer backpropagation neural network.
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1.2

Pulp bleaching

Wood raw materials in pulp production are mainly composed of cellulose,
hemicelluloses, and lignin. Both cellulose and hemicelluloses are white when they
are clean, whereas lignin contains chromophoric groups, which are mainly
responsible for the light absorption of pulp, and its color. Lignin is partly removed
in cooking, but to reach an acceptable brightness level, residual lignin should be
set apart from the pulp or, alternatively, freed from strongly light absorbing
groups as completely as practical. Accordingly, the terms bleaching and
brightening are used. Bleaching refers to the degradation of chromophoric groups
and lignin removal. In the brightening, chromophoric groups are modified and
lignin is preserved. (Dence & Reeve 1996, Grace 1989)
In chemical pulp production, bleaching is an essential process and its main
objectives are to increase pulp brightness and eliminate the components, which
are undesireable to the customer, like lignin, resin, salts, and metals. In
brightening, the main problem is that the preserved lignin becomes yellow within
years. Therefore, brightened pulp finds its main use in short life-time products or
when the brightness is less important criterion. Bleached pulp is preferred when
the product is expected to last longer with high brightness. Naturally, the price of
bleached pulp is higher than of unbleached pulp because of the additional costs
from chemicals, energy, and equipment. (Dence & Reeve 1996, Metlas 1991)
Pulp bleaching is typically performed in large plants, which consists of four
or five continuous bleaching reactors and washers between them. Residence time
in a reactor can be up to five hours, which means long process delays. Bleaching
reactions are non-linear by nature and various chemicals are used, the interactions
and residuals of which should be considered. The quality of inlet pulp varies and
it is also heterogeneous. Previous processes and wood species have their impacts
to the properties of complicated formed fibers. There are several essential process
variables and many of them interact with each other. Reaction conditions are
important, and the main variables are temperature, pH, pressure, concentration,
and time. Production rate is an important parameter with effects on the reaction
times, process delays, and mixing efficiency as well as washing efficiency.
Regardless of all these, bleaching should produce the desired quality at minimum
cost. Pulp bleaching is considered in more details in Chapter 2. (Dence & Reeve
1996, Metlas 1991)
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1.3

Research problem

There are many ways to improve processes. In pulp bleaching new equipment,
procedures, and chemicals have dominated. However, bleaching is a complicated
process, where well-designed measurements, control, and optimization can lead to
considerable savings. The development of optimization techniques has resulted in
applications for bleaching after a small time lag, but progress in automation and
computer science has been essential, enabling this task to be carried out even online and without the need for staff.
At first, an attempt was made to solve the the optimization of bleaching using
mathematical models (Gullichsen et al. 1967), linear programming (Freedman
1974), and linear optimization (Korhonen 1981). Later on came the statistical
models (Powell et al. 1988) and simulation-based optimization (Strand et al.
1988, Ulrich & Kambhiranond 1988). In the last decade, interest in utilizing
intelligent methods in optimization has been high, but the ideas and the processes,
however, differ from this case.
Despite the fact that earlier research has resulted in functional applications,
there is still a need to either improve these methods or consider the optimization
problem from a new point of view. The rapid development of computing capacity,
simulation, and intelligent methods has naturally given rise to significant
opportunities, but there are still issues, which need to be addressed:
1.

2.

3.
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Lack of practical, bleach plant-scale, on-line production optimization
algorithm. Earlier methods have concentrated on optimizing only one stage
or some parts of the bleach plant. The main reason for this is dimensionality.
Bleaching optimization is a multistage task, which is complicated to put into
practice.
The optimization system does not work reliably if based on on-line
measurements. There are always variables in a bleach plant, which can be
measured only at certain accuracy, and measurements may also slide out of
calibration, or process conditions may change. When the optimization system
is based on inflexible equations, and changes happen, then the system can not
operate on-line for a longer time without tuning.
A production optimization system is laborious to tune. Even though the
principal models of bleaching are known and it is possible to accomplish an
optimization system for bleach plants, there are always so many aspects to

4.

consider, which require expert knowledge and make the tuning very laborious
in practice.
Transferability of the control and optimization system from one plant to
another is difficult. There are a number of pulp mills in the world, which
have a similar operation in principle, but there are always some local mill
characteristic features, and especially in bleach plants, which makes the pulp
mill unique. The main reasons for this are the use of different kind of wood
species and chemicals, equipment constructions, running a much bigger
production than planned, locations of measurements, and the use of the final
product.

In this thesis the research problem is formulated as follows:
How to develop production optimization methods for pulp bleaching, so that
they are practical, can be used also on-line, are easy to tune, and are
transferable from one plant to another.
1.4

Research assumptions

Bleaching, as a whole is very complicated to model analytically and, in practice,
experimental optimization is impossible because of the costs and process safety.
Neural networks may facilitate a solution to model bleaching by combining
analytical knowledge with real data, but without laborious modeling and
expensive experimental work. However, the process measurements are important
information sources, especially if the purpose of modeling is on-line usage.
Therefore, the data were collected from process measurements and modeled using
neural networks.
As a large group of processes with multiple variables, bleaching represents a
quite typical multistage optimization problem. Earlier researches have shown that
the right weighting plays an important role in the costs of multistage processes
and enables the issue to be split into parts, which are easier to solve and then to
combine for an optimal solution. This load sharing can simplify the optimization
task and make the process more understandable and controllable, if it is
applicable for bleaching.
Chemical costs represent the main part of costs that can be controlled by the
operator. So, the equipment and labor costs are excluded and production
constraints are accepted as they are. Energy consumption is an important cost,
because proper chemical reactions need certain temperatures, which must be met.
19

If temperatures are kept at the correct level, this cost can also be excluded.
Straight correlations exist between bleaching chemicals, so when chlorine dioxide
is used the dosage of other chemicals depends on its dosage. The total
consumption of chlorine dioxide is thus the critical element in the optimization.
From this point of view, we can summarize our research assumptions as
follows:
Neural networks may provide a practical method for bleaching optimization
by combining analytical knowledge with real data. In this kind of solution a
load sharing concept, recognizing interactions in chemical usage and the
serial multi-stage nature of the process can simplify the optimization task.
1.5

Hypothesis

The aim of this thesis was to solve the above-mentioned research problem by
developing solutions for the following aspects regarding on-line bleach plant
optimization. We consider that neural networks are worth testing according to
these hypotheses:
1. Optimization of multi-stage problems. The required capacity of computing
increases exponentially when the number of variables rises. Managing high
dimensional problems would be possible when using neural networks
together with proper visualization tools.
2. On-line optimization in varying circumstances. The confidence on
measurements is seldom very high in practice. A neural network-based
optimization system might be one solution to work with on-line
measurements, because neural networks are flexible and adaptive.
3. Easy tuning of optimization and control system. Tuning is an important
part of any control system. Neural networks would be of great help in tuning
optimization and control systems and also make the transferability easier.
This hypothesis is supported by the fact that using the approach reported in this
thesis we have managed to prove the usability of neural networks in the
optimization of multistage processes such as bleach plant, as will be shown later.
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1.6

Results

In this work, neural networks were used to model pulp bleaching to improve the
production optimization and clarify the possibilities for a generic on-line
optimization method for multistage processes. As condensed, our results show
that backpropagation neural networks are able to model parts of the bleach plant
and also the whole bleaching process to such an extent that they are useful in the
plant optimization. Although, dimensionality problems existed in early research,
they were solved by network restructuring and increasing the computing capacity.
As typical data-based models, neural networks can deteriorate, but according
to the results, it is possible to re-train them according to the accuracy of the
models. The modeling and the tuning for optimization can be performed without
the profound knowledge of the system, but the process is faster and more reliable
if this knowledge is available. Moving a trained neural network to another mill is
inadvisable and it is more reasonable just to transfer the knowledge of variables
and network structure, which can be trained quickly when the necessary data are
available.
In on-line production optimization, the most important factor does not seem
to be the new optimal way to share the loads, but the stabilization of the
disturbances and the well-controlled operation towards to being more costefficient. However, as a general guideline it can be stated that more than half of
the total chemicals should be used in the first bleaching stage D0, and remaining
load should be divided so that the dosage at the D1 is about 30% higher than in
the D2 stage.
1.7

Outline of the dissertation

In the first chapter we gave some background of the research problem and of the
tools in use. In addition the area of the research was outlined and the hypothesis
was stated. Chapter 2 addresses the structure of the process under consideration,
and different types of bleaching models and related work in the bleach plant
optimization. The third chapter focuses on problem definition, multistage serial
process optimization and how it could be solved in principle, optimization
methods, and neural networks in optimization. Chapter 4 presents the data used in
modeling, pre-processing actions, and variable selection with fuzzy cognitive
maps. Chapter 5 describes the preliminary work, neural network modeling and
model introduction, together with results and their utilization in the optimal load
21

sharing. Discussion in chapter 6 concentrates on the research results with data
reliability, options in modeling, quality issues, optimization in practice, and
results transferability. Finally, conclusions are drawn based on the performed
work and the results.
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2

Pulp bleaching

This chapter introduces pulp bleaching and bleaching models. Chemical pulp
bleaching is a complicated task where the color-producing part of pulp, lignin, is
removed from the cellulose fibers using different kind of chemicals. The aim of
the process is to increase the brightness of the pulp and eliminate the undesirable
components, such as lignin and resin. However, the quality and the yield of
cellulose ought to remain as good as possible. Earlier the most used bleaching
chemical was chlorine, but during the 1990s, environmental awareness has
deepened, and promoted the use of chlorine dioxide and oxygen-based chemicals,
whereas elemental chlorine is now for the most part obsolescent. Bleaching
chemicals are quite expensive and they cause a great amount of the bleaching
costs, so the minimization of chemical usage is both an environmental and
economic matter. In addition, minimal water usage is the target while the volume
of effluents is reduced. (Wang et al. 1995, Malinen & Fuhrman 1995, Pryke &
Reeve 1997)
Bleaching costs are difficult to describe precisely, because there are so many
areas that affect costs. First, the quality of material to be bleached has a very
significant effect. Other areas are the bleaching process, the target of the
bleaching, and the determination of the objects to be handled as bleaching costs.
An estimation of the operation costs of sulfate pulp bleaching is presented in Fig.
3. The chemical costs are thus the biggest cost in the bleaching and about 67% of
variable costs, which are the costs excluding the yield loss and capital costs.
However, their share varies a lot depending on the bleaching chemicals used,
because chemicals have different requirements for equipment, energy usage,
water usage and effluents. Some prices of bleaching chemicals, their energy needs
and bleaching efficiency are presented in Table 1. In ECF-bleaching (Elemental
Chlorine Free) it is typical to use 35-60 kgaCl/ADt of ClO2, around 5 kg/ADt of
O2, around 3 kg/ADt of H2O2 and 25-50 kg/ADt of NaOH (Pryke & Reeve 1997).
Using the prices in Table 1. means that ClO2 costs are nearly 75% of the chemical
costs. Water usage and effluent discharge depend on the bleaching chemicals used
and the washing system. At the beginning of 1990s, the water usage 30-50
m3/ADt was normal, but at the end of the same decade the best processes used
about half of that amount (Dahl 1999).
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Fig. 3. Distribution of pulp bleaching costs (Ravaska 1993, Metlas 1991)
Table 1. Commonly used bleaching chemicals, their efficiencies, energy needs and
costs.
Chemical

Bleaching efficiency

Energy need,

Cost, €/kg,

Cost, €/kg,

(Ravaska 1993, Metlas

kWh/kg

1996

2004

2006

1991)

(Ravaska 1993)

(Pryke & Reeve

(Gord 2004)

(Colodette et

Cl2

1.0

1.7

0.1

1997)

Cost, €/kg,

al. 2007)
0.14

ClO2

2.6

5.0

0.6

0.7

0.8

H2O2

5.2

1.0

0.6

0.65

0.68

O3

3.0

7.0

1.0

1.3

1.2

0.4

0.03

0.05

0.08

O2
NaOH

1.5

0.4

0.29

0.4

H2SO4

0.0

0.07

0.04

0.06

2.1

Commonly used bleaching chemicals

The prerequisite of successful bleaching is the knowledge of chemistry, the
efficiencies, and the characteristics of bleaching agents as well as their reactivity
with lignin and carbohydrates. Even if chlorine (Cl2) and hypochlorite (OCl-) tend
to be losing importance as bleaching agents and in fact are not used in Europe
anymore, the technology of bleaching is still based on the use and research of
these chemicals. Chlorine dioxide (ClO2) is very important and the roles of
oxygen (O2), ozone (O3), and hydrogen peroxide (H2O2) are becoming more
important. However, oxygen is used as an additive in many bleaching stages, but
not alone. Oxygen delignification is normally used before bleaching and it is not
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considered as a bleaching stage. Commonly used bleaching chemicals and their
functions are presented in Table 2.
Table 2. Commonly used bleaching stages, chemicals and their functions (Singh 1979,
Kocurek 1989, Dence & Reeve 1996, Dahl 1999).
Stage

Formula of acting

Formula of

symbol

chemical

additive (s)

Form

Function with lignin

Alkaline
O

O2

NaOH or no

Gas

Oxidizes and dissolves lignin

E

NaOH

O2 or H2O2

Solution

Dissolves lignin and hydrolyses

P

H2O2

NaOH

Solution

Oxidizes and brightens lignin

chlorolignin
PO
H

H2O2

NaOH and O2

Solution

Oxidizes and brightens lignin

NaOCl

No

Solution

Oxidizes, brightens, and dissolves lignin

Acidic
C
CD
D
Z

Cl2

No

Gas

Oxidizes and chlorinates lignin

Cl2 and ClO2

No

Gas/

Oxidizes, dissolves, brightens, and

ClO2

NaOH

Solution

chlorinates lignin

Solution

Oxidizes, brightens, and dissolves lignin

O3

H2SO4 or SO2

Gas

Oxidizes, brightens, and dissolves lignin

CH3COOOH

H2SO4 or SO2

Solution

Oxidizes, brightens, and dissolves lignin

Q

EDTA or DTPA

H2SO4 or SO2

Solution

Removes metal ions

A

H2SO4 or SO2

No

Solution

Removes metal ions

X

Xylanase

H2SO4, SO2 or

Solution

Catalyses hydrolysis and assists in lignin

Paa

NaOH

removal

The action of the bleaching agents is fragmentarily understood and their primary
reactions are known, but the secondary and combined reactions are not fully
understood. In addition to the chemical reactions, physical and morphological
factors play an important role. Much of the present knowledge of the chemical
reactions, and especially their mechanisms, is based on experiments with
simplified systems with model compounds, representing structures that are
believed to be characteristic of the residual lignin. Lignins are aromatic
macromolecular polymers of phenylpropane units which are joined together both
with C-O-C (ether) and C-C linkages. The amount and type of lignin depends on
wood species. (Sjöström 1993)
The bleaching reagents can be classified into three categories: those which
react with any phenolic group and double bond (Cl2, O3, RCO3H, H2O2 (acidic
conditions)), those which react primarily with the free phenolic groups (O2, ClO2)
and finally, those which attack only some specific groups (H2O2 (alkaline
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conditions), NaOCl). The strongest bleaching chemicals, chlorine and chlorine
dioxide, are more selective bleaching agents than ozone, hydrogen peroxide, and
oxygen. Electrophilicity is an important factor for their selectivity. The
classification above is based on reagent’s electrophilicity, the first is a cationic
group, the second is a radical group, and the third is an anionic group. The
cationic species act as electrophiles and the anionic species as nucleophiles while
the radical species can be either-or depending on pH. (Lachenal & Muguet 1991,
Tamminen & Poppius-Levlin 1995)
Sodium hydroxide is used in alkaline extraction to degrade the lignin and aid
in lignin degradation, so it is in fact an agent, which has no bleaching capacity.
However, the role of the extraction is very important, because the delignification
of lignin improves the endurance of brightness and makes it possible to continue
bleaching to a higher brightness. Oxygen and hydrogen peroxide are also used to
reinforce extraction and they can reduce chlorine chemical consumption and
environmental impact of bleaching. (Sjöström 1993, Johansson & Clark 1995)
2.2

Bleach plant - process description

On an industrial scale, it is typical that there are four or five continuous distinct
stages in a bleach plant. Satisfactory pulp brightness, about 88 ISO %, is possible
to obtain in three stages for some hardwoods, but the demands are normally
higher. In this study, the bleach plant stages were D-EOP-D-EO-D, which is
presented in Fig. 4. The most usual stage combination today is basically D-E-DE-D, but there are naturally many other possibilities to frame a bleach plant, as,
for example, O-D-E-D-D, C-E-D-E-D, CD-E-D-E-D, O-D-EO-D-EOP-D, O-Z-EP-P, O-A-P-Z-P, O-Q-P-P-P. EO stage means that oxygen is also used in alkaline
extraction and EOP relates to the use of both oxygen and peroxide. The A stage is
acid treatment followed by washing for metal removal (Bouchard et al. 1994,
Devenyns et al. 1994). The problem is that all metals are removed, including
magnesium and calcium, which improves selectivity of bleaching. Q stage,
chelating, is another method for reducing the effects of transition metals.
Chelating is selective towards magnesium and calcium. New plant variations are
elaborated continuously. The main reasons for variations are based on different
raw materials, water quality and quantity, environmental issues, product image,
regional laws, and intentions to save costs.
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Fig. 4. A simplified chart of the bleach plant in this study.

A bleaching stage normally includes three main pieces of process equipment: a
mixer, reactor, and washer. Mixers are used to achieve uniform contact between
fibers and bleaching chemicals. The role of reactors or retention towers is simply
to give time for diffusion and chemical reactions. In washers the pulp is separated
from the bleaching chemicals and from dissolved materials (Wang et al. 1995).
From another point of view, the three main unit operations are seen in bleaching,
which can be considered as a whole: chemical reactions, pulp washing and water
circulation with heat recovery (Gullichsen et al. 1967). Chemical reactions, water
circulations and heat recovery depend significantly on the chemicals and stage
combinations used.
2.2.1 Mixing
Mixing is an essential unit operation in bleaching, because it affects both the rate
and quality of bleaching. The quantity of the applied bleaching chemical has an
influence on the amount of delignification and if the reactions are fast, as often,
and the chemicals are mixed poorly, then there might be under-delignified regions
and over-delignified regions and the result of bleaching is uneven. The nonhomogeneity in a given bleaching stage is evaluated with an equation based on
the normal distribution, where the deviation is presented with the coefficient of
variation V:
V=

sdev
× 100%
x

(1)

where
sdev is the standard deviation of the bleaching agent charge and
x is the avarage charge of the bleaching agent
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The smaller the coefficient of variation is, the better mixing achieved. In old and
less efficient mixers, a V of as high as 70% has been encountered. In efficient
mixing, the chlorine dioxide charged is better utilized, as can be seen in Fig. 5a,
and also pulp brightness is improved at a given load as in Fig. 5b.

Fig. 5. Effect of mixing at different ClO2 load (active chlorine kg/ADt) in D1 stage: a) on
the residual active chlorine b) on brightness (Backlund & Parming 1985, 1987).

There are many types of mixers and it is natural that mixing efficiency depends
on both the mixer condition and the mixer type. In general, mixers can be divided
into static and dynamic mixers. Static mixers are used in mixing low consistency
pulp suspensions, because they are simple, inexpensive, and convenient for three
phase fluids (Bergius 1989). Static mixers do not include moving parts, so they
are placed in the pipeline. Dynamic mixers use external power to introduce
movements in the pulp suspension. Typical dynamic mixer types are continuous
stirred tanks, peg mixers, and high-shear mixers, which are used depending on the
task: the scale, objectives, and consistency of pulp.
The quality of mixing is quite difficult to establish and normal methods are
indirect based on used power, energy, and residence time. Direct measurements
are adding tracer in large-scale mixing (Kuoppamäki et al. 1992) and sampling in
small-scale mixing (Kerekes 1985). However, both types give only the
estimations of mixing quality.
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2.2.2 Reactor towers
Most bleaching reactions are quite fast in nature, but it requires totally seven
steps, as in Fig. 6, until a stage is completed. The steps are basically same for all
bleaching processes. First, the reactant must be transported into the surrounding
layer of the fiber. After that occurs the diffusion of the reactant through the film
layer and next through the fiber cell wall. The fourth step is the reaction with
lignin. Next, the diffusion of reaction products happens other way round, through
the fiber cell wall and through the film layer, and finally the reaction products are
moved off the surrounding layer. The significance and rate of each step depends
on the bleaching method, reactant, and process conditions. (Axegård et al. 1979)

Fig. 6. Reaction steps in bleaching of a fiber (Axegård et al. 1979).

The required retention time is thus dependent on input pulp properties, bleaching
reactant, the reactant’s concentration, pH, and temperature. However, the actual
retention time is determined by the volume of the reactor tower, pulp flow, and
consistency, so that the required time is realized. The functions of the bleaching
and extraction towers are to provide time for diffusion and completion of the
reactions between the pulp and the chemicals (Freedman 1974, Wang et al. 1995).
The most common bleaching tower types are upflow, downflow, and upflowdownflow combination towers.
Upflow towers are used with low-consistency and medium-consistency pulp
suspensions. As the name describes, the pulp suspension enters into the bottom of
the tower and the output is at the top. Upflow towers are easier to operate than
downflow towers, because there are no level control or dilution zone difficulties
29

and one less stock pump is required (Grace 1989). Problems in upflow towers are
channeling, varying retention times, simultaneous start of bleaching stages, and
shutdowns by water adding for getting pulp out (Haakana 1995).
Downflow towers are used with medium-consistency and high-consistency
suspensions where the hydrostatic head is not required. The pulp is fed to the top
and it moves down as a plug flow through the tower. Varying the pulp level
controls the residence time of the pulp in the downflow towers. (Freedman 1974)
Combinations of upflow and downflow are used for getting advantages of
both methods. Typically, this tower type is used when the long retention time and
hydrostatic head are needed. (Grace 1989) Fig. 7 shows a characteristic retention
time distributions for different types of bleaching towers. The high-consistency
upflow tower is nearest to the plug flow, while the high consistency downflow
tower with dilution zone differs significantly. (Gullichsen et al. 1967)

Fig. 7. Typical residence time distributions for bleach towers. 1. High-consistency
downflow tower with dilution zone, 2. Low-consistency upflow tower, 3. Highconsistency

upflow-downflow

(Gullichsen et al. 1967).
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tower,

and

4.

High-consistency

upflow

tower

2.2.3 Washing
There are two main reasons for pulp washing after the reactor towers. One reason
is the removal of soluble impurities and the other is the recovery of chemicals.
Environmental awareness has increased the attempts to minimize water usage.
Furthermore the amounts of bleaching effluents are reduced. In principle, pulp is
washed either by dilution/extraction or by displacement and there are several
types of equipment available, which use one or both operation types. (Smook
1992)
The simplest dilution/extraction technique includes pulp dilution with clean
water and liquor removal by drainage or pressing. In dilution, mixing should be as
perfect as possible. The washing efficiency depends mainly on the consistency, to
which pulp is diluted and extracted, but also repetition times, and adsorption of
impurities on fibers. (Crotogino et al. 1987, Smook 1992)
In displacement washing, dirty liquor from a pulp pad is displaced using
clean water, so that the mixing of the dirty liquor and the washer filtrate is as
small as possible. In an ideal case, the amount of dirty liquor and usage of clean
water are the same and all impurities are removed, but in practice, there are
always some mixing and deep absorbed impurities, which cannot be removed
fast. (Crotogino et al. 1987, Smook 1992)
A comparison of different washers is quite complicated and there are several
parameters, which are usable only if the systems are working with the same feed
and discharge consistency. When operating at different inlet and discharge
consistency, two parameters are available: the modified Nordén efficiency factor,
Est (Nordén 1965), and the equivalent displacement ratio, EDR. The main
criterion is that the same value of wash liquor is used. A modified Nordén
efficiency factor is denoted as

L0 ⎛ X 0 − Y1 ⎞
⎜
⎟
L1 ⎝ X 1 − Y2 ⎠
⎛
DF ⎞
log ⎜ 1 +
⎟
Lst ⎠
⎝

log
E st =

(2)

where
L0 is inlet pulp stream
L1 is outlet pulp stream
X0 is solute concentration in inlet pulp stream
X1 is solute concentration in outlet pulp stream
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Y1 is solute concentration in filtrate
Y2 is solute concentration in wash liquor
DF is dilution factor, V2- L1
V2 is wash liquor stream
Cst is standard consistency
Lst equals (100 - Cst) / Cst
The equivalent displacement ratio, EDR, expresses the performance of a washer
in terms of hypothetical washer at 1% inlet consistency and 12% discharge
consistency, thus it is independent of the both consistencies. The ratio is useful in
comparing the performance of washers or washing systems, but the modified
Nordén factor is easier to use. (Crotogino et al. 1987)
2.2.4 Bleaching variables
The chief requirement for successful modeling, control, and optimization is a
knowledge of process variables. Each stage has its key variables, but it is possible
to review all together as in Fig. 8. The problem is that there might be several
essential process variables and many of them interact with each other. The
residence time in a reactor can be only half an hour, but five hours in another one,
and totally 20 hours in a plant. The quality of inlet pulp has variations and it is
also heterogeneous. Previous processes and wood species have their impacts on
the properties of complicated formed fibers, such as the inlet Kappa number and
brightness. Obvious, and important variables are temperature, pH, concentration,
consistency, and time. Each bleaching chemical and stage has some area where
these variables are at their optimum. Pressure has only an impact on gaseous
chemicals, like oxygen. The production rate is an important parameter, because it
affects the reaction times, process delays and mixing efficiency as well as
washing efficiency. After a certain stage, it is important to know how high the
chemical residual is and what changes in other variables have occurred. The key
variables in bleached pulp are brightness, viscosity, dirt count, and strength
properties.
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Fig. 8. Process variables of a bleaching stage (Wang et al. 1995).

2.3

Bleaching models

In this context, a model is comprehended as a characterization of an occasion,
behavior, or a system. The needs and the requirements for models are broad, and
different kinds of models are used everywhere to explain our environment and
ourselves. In general, there are four types of models: mental, verbal, physical, and
mathematical (Ljung & Glad 1994). Mental models are based on intuition and
experience, like riding a bike. We do not exactly know how it is done, but we feel
it. The verbal model describes a system in words and thus it is stricter than the
mental model. Naturally, there can be very broad verbal models, but they only
include what has been written. E.g. If it is raining, then the ground is wet. This
model does not describe how much must rain or how wet the ground is. Expert
systems are examples of formalized verbal models, and are typically very precise.
Also, fuzzy systems can be normally described in a verbal mode. In scientific
studies, physical models and mathematical models are mostly used, because they
are exact, they can be derived from other models or observations, and they can be
calculated. Physical models try to imitate the system, when mathematical models
are based on observations of relationships between quantities, like the most of the
laws of nature.
In process modeling there are basically two main streams (Wahlström &
Leiviskä 1986, Leiviskä 1999, Najim 1989, Sjöberg et al. 1995, Ikonen 1996): the
first-principle approach and the black-box models as Fig. 9 shows. The firstprinciple models, or analytical models, or white-box models, are derived on the
basis of first principles, like mass and energy balances of physical and chemical
phenomena. In these models, the process is tried to describe as completely as
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possible. In black-box modeling it is important to know only experimental data of
process inputs and outputs to make a model. Functions inside the process are not
needed. Several models lie somewhere between white and black boxes trying to
utilize the good features of both types. These grey-box models or semi-physical
models include typically some physical insight, but simplified, in a plainer
configuration.

Fig. 9. Two modeling principles and their interactions (Wahlström & Leiviskä 1986,
Leiviskä 1999).

In a complete analytical model of pulp bleaching the earlier-mentioned factors
should be taken into account, or again in brief:
–
–
–
–
–
–
–
–
–
–
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bleaching chemicals used (Chapter 2.1)
combination of bleaching stages (Chapter 2.2)
water circulations (Chapter 2.2)
chemical recovery (Chapter 2.2)
mixer type and size (Chapter 2.2.1)
reactor type and size (Chapter 2.2.2)
washer type and size (Chapter 2.2.3)
wood species (Chapter 2.2.4) or species of plant
previous processes (Chapter 2.2.4)
bleaching variables (Chapters 2.2.2 and 2.2.4)

In practice, the complete model of pulp bleaching should grow to be very largescale and it is typical to approach the problem with simplifications and model
only parts of the bleaching or presume some variables as constant. This naturally
diminishes the accuracy and universal applicability of the model. But it is quite
normal that the models are applicable only in laboratory or just at the plant where
they are tuned. However, the first-principle approach has produced quite universal
kinetic equations for each bleaching stage. They are convenient, but incomplete,
because there are still uncertainties both in theory and in practice. Thus the
bleaching models used are normally mathematical models based on experiments,
physics, and chemistry, or sometimes black-box models.
2.3.1 A general model for bleaching kinetics
A general model for wood pulp bleaching was developed (Edwards & Nordberg
1973) to represent bleaching process by simple mathematical equations, which
are based on three assumptions:
1. The bleaching process is either batch or plug flow
2. The bleaching rate is controlled by the chemical reaction rate
3. The bleaching agent is consumed only by the lignin
∂n
= −k (n − n f ) a c b
∂t
∂c
W
= − sk ( n − n f ) a c b
∂t

(3)
(4)

where
n is the number of chromophores per unit mass of dry pulp
nf is the lowest value of n that can be reached in the particular bleaching
process being considered
t is time
c is the concentration of the bleaching agent in the liquor; mass per unit
volume
k is the reaction rate constant, depends on temperature and type of pulp
a, b are constants
W is the total liquor volume per unit mass dry pulp
s is the stoichiometric coefficient which relates the number of chromophores
destroyed to the consumption of the bleaching agent
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The problems of the general model are the assumptions and the fact that the
reaction kinetics depends on the wood species and on the history of the pulp.
Therefore, the kinetic equations need to be determined for different bleaching
stages based on the previous processes, which means more possible choices and
more complexity.
2.3.2 Chlorine dioxide model
Currently, chlorine dioxide is among the most commonly used bleaching agents,
which is used at many stages of the bleach plant i.e. from pre-bleaching to final
stage. Fundamental studies of the subject have been made at Sweden in the end of
the 70s and at the beginning of 80s. Reaction kinetics for stage D0 differs from D1
and D2 to some respect. In the pre-bleaching stage D0 or D100, the following
equation has been formulated (Germgård & Teder 1980):
−

0.3
−0.2
∂K
0.5
= k1 ⋅ ⎡⎣Cl − ⎤⎦ ⋅ ⎡⎣ H + ⎤⎦ ⋅ [ClO2 ] ⋅ K 5
∂t

(5)

where
K is Kappa number after alkaline extraction
k1 is the rate constant
=

Ak ⋅ e − Ea / RT

(6)

Ak is the constant depending on the inlet kappa number
Ea is the activation energy = 60 kJ/mol
T is the temperature (K)
There are a number of functions behind the general model for chlorine dioxide
bleaching including kinetics, stoichiometry, and buffering capacity, but in brief
the rate of bleaching can be described by (Teder & Tormund 1977, Teder &
Tormund 1980, Germgård et al. 1985):
−

−0.3
∂Ck
0.5
3
= k ⋅ [ClO2 ] ⋅ ⎡⎣ H + ⎤⎦ ⋅ ( Ck − Ck ∞ )
∂t

(7)

where
Ck is the concentration of chromophores, expressed as k value
Ck∞ = Ck after an infinite time, which is irremovable chromophores
k = k1 ( Ck−02 + k2 ) ⋅ e − Ea / RT
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(8)

k1, k2 are values which depend on the pulp type and on the extent and type of
pre-bleaching
Ea = 59 kJ/mol
2.3.3 Hydrogen peroxide model
Kinetic equations for alkaline hydrogen peroxide stages are mostly given for
mechanical pulps (Hook et al. 1989, Moldenius 1982, Strand et al. 1988). A
kinetic equation for E1+P stage has been given by Axegård and Bergnor
(Germgård et al. 1985):
−

0
∂K
0.5
= k ⋅ ⎡⎣OH − ⎤⎦ ⋅ [ HO2 ] ⋅ K 3
∂t

(9)

where
Ea = 55 kJ/mol
In practice, the model is quite limited, because the equilibrium between the
hydrogen peroxide and the peroxide ion is not taken into account.
2.3.4 Oxygen kinetics
Considerable studies have published of oxygen delignification kinetics and
several models have been proposed (Olm & Teder 1979, Hsu & Hsieh 1985,
Myers & Edwards 1989, Iribane & Schroeder 1995). Regardless of some
differences, all the equations have the same general expression as follows:
−

χ
∂K
β
= ki ⋅ e − Ea / RT ⋅ ⎡⎣OH − ⎤⎦ [O2 ] ⋅ K iα
∂t

(10)

Depending on the study, the parameters χ, β, α, and Ea can be very different, but
commonly it is accepted that the rate of delignification depends on the
concentration of oxygen in the liquid phase and pH.
2.3.5 Ozone kinetics
Despite the fact that ozone has been quite extensively studied as a bleaching
chemical, only a few authors have published works on the reaction kinetics of
ozone, which is determined as follows (Germgård & Sjögren 1986):
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−

0
1.0
∂K
= k1 ⋅ e − Ea / RT ⎡⎣ H + ⎤⎦ ⎡⎣O3 ⎤⎦ ( K − K ∞ ) 2
∂t

(11)

where
K∞ is Kappa number after the given bleaching time
K is the minimum possible Kappa number
Ea = 30 kJ/mol
k1 is constant
The activation energy is low and pH seems to have no effect. This equation is
valid in the pH range of 2-5.
2.3.6 Alkaline extraction kinetics
The alkaline extraction stage follows typically the chlorination stage and the
reaction kinetics has the following form (Axegård 1979):
0.2
0.05
∂K
(12)
−
= k1 ⎡⎣OH − ⎤⎦ K1 − k2 ⎡⎣OH − ⎤⎦ K 2
∂t
where
K1 + K2 = K is the analyzed Kappa number
Ea1 = 39 kJ/mol
Ea2 = 2 kJ/mol
2.3.7 Hypochlorite kinetics
In spite of the fact that hypochlorite is quite an old bleaching chemical there are
not many successful kinetic proposals for hypochlorite bleaching. Wolfrom and
Lucke (1964) have proposed quite largely accepted kinetics, but currently the
model by Axegård and Tormund (1985) presents the H stage:
−

− 0.1
0.6
∂Ck
= k ⎡⎣OH − ⎤⎦ ⎡⎣OCl − ⎤⎦ Ck 3.5
∂t

where
Ea = 75 kJ/mol
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(13)

2.3.8 Other bleaching models
Freedman has developed a mathematical model of the bleach plant in a general
form. The parameters of the model were determined from plant tests. (Freedman
1974) Quite the same mathematical approach and parameter determination was
used for chemical load share modeling and cost analysis (Korhonen 1981).
Statistical models were developed for the bleaching sequence, C/DEO,
optimization (Powell et al. 1988). The technique used in statistical analysis was
multivariable linear regression. Seven key dependent variables were related to a
variety of independent variables using data from mill trials.
Different kinds of bleaching models are included in simulators and they can
be also used to model a bleach plant. A GEMS steady-state simulation system was
used for the optimum design of peroxide bleaching (Strand et al. 1988). A
Fortran-based simulation was developed for the first chlorination and alkaline
extraction stages (Mackinnon et al. 1993). Qian and Tessier (1996) have studied
dynamic modeling and control of a hydrogen peroxide bleaching process. Typical
bleaching considerations are used in steady-state simulations and GEMS solutions
are presented in many publications (Brooks et al. 1994, Ulrich & Kambhiranond
1988, Parsad et al. 1993, Parsad et al. 1996, Steffes et al. 1995). A dynamic
model of (C/D)EDED bleach plant was developed using SIMNON, a dynamic
simulation language, as a platform (Wang et al. 1995). The model was composed
of individual modules that represent each bleaching stage. Barette and Perrier
(1995) have studied the hypochlorite bleaching stage for dissolving pulp using a
Matlab Simulink. They have developed a dynamic model, which was mainly based
on earlier kinetic studies (Wolfrom & Lucke 1964, Axegård & Tormund 1985).
Brunner (1995) have used Microsoft ExcelTM with extensive database from
mills, laboratory results, and published information to develop a personal
computer based spreadsheet model to assist mills in evaluating alternative
processes, and their relative costs, and environmental impacts. The main tool in
developing was the solver command of the program. Probably, there are many
unpublished spreadsheet models in private use.
The interest in utilization of intelligent methods in modeling have been quite
high and there are quite many examples of reasoning, fuzzy methods, and neural
networks. A simplified chlorination stage was modeled using qualitative
reasoning (Diaz et al. 1991), where a bleaching stage was described using
qualitative differential equations, which can be based on ordinary equations or
incomplete system knowledge. Fuzzy logic utilization was studied in bleaching
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with a sense of purpose (Lampela et al. 1995). A schematic diagram with fuzzy
model was presented to control D0 sequence in bleaching and it was also tested in
a bleach plant. Later, fuzzy control was used during longer periods on industrial
scale for the first chlorine dioxide stage of bleaching, and industrial experience
seemed to be very promising (Lampela et al. 1996a, Lampela et al. 1996b). The
next step was to use fuzzy modeling to combine control and recipe in all D stages
(Lampela & Erkkilä 1998). Furthermore, fuzzy models were utilized in pH
optimization to control the bleach plant (Lampela et al. 1999). A different
approach was proposed to use fuzzy cognitive maps (FCM) in bleach plant
production modeling and several examples of backpropagation neural network
models of bleaching were presented (Keski-Säntti et al. 1997). Further studies
were presented for bleach plant modeling by backpropagation neural networks
(Keski-Säntti et al. 1999a). In addition, in a practical solution backpropagation
was used to control alkali load and fuzzy model to control oxygen load in oxygen
delignification stage (Pulkkinen et al. 1997).
2.4

Summary of bleaching

As a brief review of this chapter it should be mentioned that we have described
pulp bleaching at a quite universal level. The main factors in bleaching have been
presented, but without a very deep analysis. The main features were the target of
bleaching, processes and variables of bleach plant, chemical descriptions, and
bleaching models. The purpose was to give an approach to current bleaching to
certain accuracy, required as a background for the economic description of
process. This knowledge is used as a base of optimization considerations, which
are presented in the following chapters.
As already mentioned at the beginning of Chapter 2.3, the first principle
modeling has been the most used and studied in bleaching. However, this kind of
model development is a complicated time-consuming task, which needs a very
deep knowledge of the process and mathematics. The other issue is that these
kinds of models are quite restricted in use, they are not practical, and the updating
is almost as laborious as model-making. In practice, as rules of thumb, both black
box and grey-box models can work as well as kinetics, and they are cheaper and
easier to understand and update. Several models are available and only some
examples of most studied areas like mathematical models, simulator models, databased models, and intelligent models were shown here.
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3

Load sharing problem in pulp bleaching

3.1

Problem definition

Bleach plants are complicated processes consisting of three to six continuous
distinct stages, including three main process devices: the mixer, reactor, and
washer. The pulp flows from stage to stage and at the beginning of stages,
bleaching chemicals are mixed into the pulp to get the desired reaction. After the
reaction, the pulp is washed to clean it for the next stage. At each stage, there are
many variables, which have an impact on reactions as described in Chapters 2.2.4
and 2.3. In brief, the most important variables are chemical charge, brightness,
Kappa number, temperature, pH, and production rate. Although the stages have an
impact on each other, it should be remembered that each bleaching chemical and
stage has some area where the variables are at their optimum. However, the
optimal output for one stage is not necessary the optimal input for the following
stage.
Load sharing can be denoted as Kappa-brightness profile as in Fig. 10. When
we know the input Kappa number of the bleach plant and decide the target
brightness after D2 stage, we can predict the optimal loads if we have the right
equations. Then the target values can be determined; the target Kappa number
after the EOP stage, and also the target brightness for the input D1 stage and after
D1 stage. Typically both measurements, Kappa number and brightness, are used
because the brightness measurement in the first bleaching stages is not accurate
enough, similarly the confidence of low Kappa number measurements is quite
poor. The goal in bleaching is the high brightness with a certain production rate
and good viscosity, strength properties, and yield. Of course, all this must occur
with minimum bleaching costs, usually characterized by chemical consumption.
Obviously, attempts to optimize pulp bleaching have existed as long as pulp
has been bleached on a large scale. Dominating trends have focused on
equipment, procedures, and the utilization of new chemicals. This progress seems
to continue. However, bleaching is a complicated process, where well-designed
measurements, control and optimization can lead to considerable savings. Early
studies concentrated on optimization through mathematical models for reaction
kinetics and flow dynamics (Gullichsen et al. 1967) linear programming from
control variables (Freedman 1974), and linear optimization (Korhonen 1981) to
share the costs between the bleaching stages as in Fig. 11. Later came statistical
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models (Powell et al. 1988) for sequence optimization. In the 1980s it became
common to use a simulation-based optimization (Strand et al. 1988, Ulrich &
Kambhiranond 1988, Diaz et al. 1991) and it was applied later for many
applications (Barette & Perrier 1995, Wang et al. 1995, Parsad et al. 1996).
Interest towards utilizing intelligent methods for this type of problem rose during
the 90s, and many solutions have been reported (Xia et al. 1993, Obradovic et al.
1993, Qian et al. 1994, Qian et al. 1995, Qian & Tessier 1996, Lampela et al.
1996a, Lampinen & Taipale 1994, Rudd 1991, Dayal et al. 1994, Zhu et al. 1997).
The ideas and the processes, however, differ from this case. In this study the aim
is to find out if it is possible to optimize the bleaching costs on-line by load
sharing.
Kappa number
Brightness
Brightness
after D0+EOP

Brightness
after D2

Brightness
after D1

Input
Kappa
number

Kappa number
after EOP

D0

EOP

D1

EO

D2

Bleaching stages
Fig. 10. Kappa-brightness profiles of bleaching (Keski-Säntti et al. 1999b).

Load sharing is a common challenge in the process industry and especially in
multi-stage serial processes. There are two kinds of load sharing issues: one is
parallel and the other is serial. In parallel load sharing, there can be many
processes or machines that can do the same tasks and the issue is to decide how to
distribute production optimally. In the serial load sharing issue, there are multiple
stages one after another to process certain production. Because the output
variables of one stage are input variables of the following stages, there is a natural
interaction between the stages. This is also the case in pulp bleaching.
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Costs

D0+EOP

D1+EO
D2

Optimal brightness
for change
Target
brightness
Brightness
Fig. 11. Bleaching costs as function of brightness gain (Korhonen 1981).

In general terms, load sharing is the optimization of multi-stage process with the
control variables, u(k) and state variables, x(k) subject to some constraints. The
optimization problem is simply
min ∑ u (k )

k = 1,..., K

(14)

k

where
K is the number of stages.
Constraints can be for example:
umin ≤ u (k ) ≤ umax
xmin ≤ x(k ) ≤ xmax

State variable x(k) and control variable are linked by the system equation

x(k ) = x(u (k ), x(k − 1), p)

k = 1...., K .

(15)

43

The parameter p includes other process variables – production rate, temperature,
pH. Writing, validation, and updating of the above equations is a complicated
topic, and therefore this study concentrates on data-based models, especially
neural networks.
The bleaching stages are dimensioned to meet the planned production
capacity for the certain reaction time and thus they are structurally constrained. In
addition, the pulp production target restricts the possibility to change reaction
times because they depend on production capacity. Fig. 12 describes the issue.
There is a certain production rate (Vp) through the bleach plant. The state of the
material flows include quality constraints, as Kappa number (K) and brightness
(B). Temperature (T), reaction time (t), and pH are also restricted to a certain area.
The control variables at each stage are the chemical dosages (C).
C2

C1
T1 , t1, pH1
V0, K0

D0 + EOP

V1 , K1, B1

C3
T2 , t2, pH2

D1

V2, B2

T3, t3, pH3
D2
V3, B3

Fig. 12. Simplified block diagram of bleaching.

As described above, pulp bleaching, and more generally the whole pulp
production line, is a multi-stage serial process and thus load sharing returns to the
optimization of this kind of processes.
3.2

Optimization of multi-stage serial processes

Optimization is a function, which almost everybody uses daily, but typically
unconsciously based on routine operations and decision-making, e.g., shopping
needs time, money, and transport ability. When there is plenty of time, it is
possible to save money and go somewhere further to do more economical
shopping, but when the time is restricted, the nearest shop is accepted even if
there are higher prices there. The basic parts of optimization are visible in this
problem. At first, there is an objective function, which we want to optimize and
next there is a feasible solution. The objective function is the procedure, which is
done to solve the optimization problem, like minimizing time for shopping. An
objective is something that a decision-maker seeks to accomplish or to obtain by
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means of his decision. The solution is the result of the optimization procedure and
it is feasible if it does not violate the constraints. Then there are variables, which
affect the value of the objective function, like time, money, and transport ability.
Variable constraints are certain values or area limitations.
Various methods exist for scientific optimization. Some of them concentrate
only on certain type of problems while some are very universal. There are many
ways to group different methods. At first, there are gradient and non-derivative
(non-gradient) methods. The gradient methods use derivatives of the object
function, either explicitly or numerically, to find the optimal solution. The nonderivative methods have other ways of finding a search path to the optimal
solution. Another possibility is to classify optimization as unconstrained methods
and constrained methods. Also, the issue can be divided according to cases either
to single- or multi-objective optimization. In the first case, the objective can be
measured by a single number (scalar), and in the second case, the objective is
expressed by an n-tuple of numbers (vector). Finally, we can group the
optimization as either discrete or continuous methods. One possibility to group
the fields of optimization is shown in Fig. 13.

Fig. 13. Optimization groups.

When continuing the issue definition of Chapter 3.1, but simplified to only the
chemical cost perspective, load sharing as described by Ray & Szekely (1973)
can be drawn as in Fig. 14.
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x1

u1
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u2

x2

3

x3

u3

Fig. 14. Simplified load sharing of bleaching based on chemical cost.

Stages numbered 1 to 3 mean that the bleaching D0 stage, D1 stage and D2 stage
and the variables are as follows:
x0 is Kappa input
x1 is Kappa or brightness after D0 stage or Kappa number change in D0 stage
x2 brightness after D1 stage or brightness change in D1 stage
x3 brightness after D2 stage or brightness change in D2 stage
u1 chemical dosage in D0 stage
u2 chemical dosage in D1 stage
u3 chemical dosage in D2 stage.
The optimization task is now
3

min ∑ ui
ui

(16)

1

The constraints can be written in many ways, depending on the models used and
the targets of the optimization. For the Kappa number after the D1 stage and final
brightness the strict constraints can be set. On the other hand, Kappa number
change and brightness changes can also have certain minima. Mathematically,
these constraints can be formulated as:

h( x1 , x3 ) = 0
g ( x1 , x2 , x3 ) > 0
The optimization task is easy to reformulate into two different functions. In the
first one, load sharing can be divided between the D0 stage and the remaining two
stages. The other function minimizes the sharing of the D1 and D2 stages:
3

min

u1 /( u2 + u3 )
3

∑u

min ∑ ui
u2 / u3
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1

i

(17)

1

(18)

Thus, the constraint equations should be written for both optimization tasks. The
original control variables, ui, can be solved by Eq. 17 and 18 ratio terms as
follows. The optimum of chemical dosage is set as:
u1
=a
u2 + u3

(19)

and the equivalent total dosage is:
u1 + u2 + u3 = b .

(20)

Solving Eq. 20 for u2 + u3 using u1 and inserting it into Eq. 19 gives
u1
=a.
b1 − u1

(21)

So the u1 can be solved:
u1 =

ba
.
a +1

(22)

Finally, it is possible to mark the optimal load sharing of D1 stage and D2 stage:
u2
=c
u3

(23)

and share the remaining chemical dosage according to this relation.
The procedure before assumes mathematical models for bleaching. Later, it
will be shown, how this problem is solved using neural network modeling.
3.3

Neural networks in optimization

Neural networks are computing procedures, which use the idea of biological
neural networks, where many simple elements operating in parallel and in layers
with multiple connections can be effective even in the most complicated tasks.
The potential of neural networks has been exploited since the middle of the 80s
and mostly within the last decade. They are used to address issues that are
refractory or troublesome with traditional members e.g. pattern mapping, pattern
completion, pattern classification, translate images into keywords, translate
financial data into financial predictions, mapping visual images to robotic
commands, process modeling and control, optimization, signal processing, and
diagnostics (Koikkalainen 1994). As noticed, the neural networks can be applied
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to many types of problems, mainly because they can approximate all functions
(Hartman et al. 1990, Rudd 1991).
The following factors characterize neural networks:
1. Model-free estimating. Neural networks can modify their own rules, and
they can learn from experience with data. (Kosko 1992, Koikkalainen 1994)
2. Generalizing ability. When learning from experience, neural networks are
adaptive function estimators. Supervised learning algorithms can extrapolate
within certain restrictions. (Rudd 1991, Kosko 1992, Koikkalainen 1994)
3. Insensitive to noise. Neural networks can make models from contradicting
data sets. (Rudd 1991, Kosko 1992, Koikkalainen 1994)
4. The same algorithm will work for many different systems. Neural networks
require little human expertise and they can be used either directly or adjusted
to other similar problems. (Rudd 1991, Koikkalainen 1994)
5. Adaptive to the environment. An application can be accomplished so that the
effect of the environment is minimized. (Kosko 1992, Koikkalainen 1994)
6. Nonlinear computing. Neural networks have no linear dependence on
parameters and can solve complicated problems of the real world. (Rudd
1991, Kosko 1992, Koikkalainen 1994)
7. Usable in large data amounts. Neurocomputing suits to the large-scale data
mass processing. (Kosko 1992, Koikkalainen 1994)
8. Toy problem. Problems are only shadows of real-world items. Neural
networks can suffer undesirable effects when scaled up to a large size or to a
real world. (Freeman & Skapura 1992)
9. Dimensionality limits the capacity of neural networks (Kosko 1992).
Solving optimization problems was one of the examples for neural network usage
in the early papers (Hopfield 1982). Afterwards, it has been accepted that neural
networks can really solve combinatorial optimization problems (Kosko 1992).
They can be applied for searching optimum criteria, when the system is controlled
to operate optimally according to one or multiple criteria that are mathematically
defined (Koikkalainen 1994). Because the structures of neural networks are
different, so also the properties and usage of certain types vary. However, neural
network area is quite wide and currently there have been published a vast amount
of optimization problems solved by various neural networks. The following
sections briefly present examples of neural network usage in optimization issues
grouped by the network type.
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3.3.1 MLP and backpropagation algorithm in optimization
MLP or Multi Layer Perceptron is a common neural network type, which is
designed to operate as a multi layer, feed-forward network. Backpropagation is a
training algorithm for MLP and it is also typical to call this neural network type
simply backpropagation. It uses the supervised mode of learning and the network
adapts itself to learn the relationship between a set of example patterns and would
be able to apply the same relationship to new input patterns. The learning
algorithm in backpropagation is the generalized delta rule. From the available
training data, a small subset is often all that is needed to train a network
successfully. Rest of the data is available for testing. In backpropagation, it is
possible to select the number of the used neurons, layers, and also some
modifications are available at the structure of network as described in Fig. 15.
According to layer connections, backpropagation can be described as normal
(BP), jump connected (BPJC), and with dampened feedback (BPDF).
Normal 4- layer
backpropagation

Backpropagation
jump connected

Backpropagation
with dampened
feedback

Fig. 15. Backpropagation types.

Backpropagation is useful in addressing issues requiring recognition of complex
patterns and performing nontrivial mapping function. It is good at generalization,
but it will not extrapolate well, which means that the training data should cover
the entire expected input space. (Freeman & Skapura 1992) There is a vast
amount of successful examples of backpropagation usage in different kind of
problems e.g. data compression, paint-quality inspection, small control tasks,
optimization, and control of large complicated systems. Especially in the process
industry, backpropagation is suitable from control of a couple of variables to mill
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scale optimization as in Fig. 16 (Koikkalainen 1994). However, the use of
backpropagation in optimization is quite rare and thus the number of examples is
restricted.
Control proposal

Neural network training
- definining variables

Quality prediction
Simulation

Optimisation

Actual
quality data

Laboratory

Laboratory
measurement

Neural network
updating
- adaptation

Model 1

Preprosessing

Quality
database

Control proposal
(by neural network)

New online data

New
online
data
Process computers

Fig. 16. Optimization as a part of process control support system architecture
(Koikkalainen 1994).

Papadrakakis et al. (1999) have used backpropagation in sizing structural
optimization problems of large-scale three dimensional roof trusses. The neural
network was trained using data derived from selected analyzes. The trained neural
network was used to predict the values of the objective and constraint functions.
The numerical tests they presented demonstrate the computational advantages. In
another optimization problem, backpropagation was used to optimize the machine
setup as a decision-support tool (Malakooti & Raman 2000). In addition, it has
been used in neural network-based modeling and control to optimize an industrial
grinding process used in machining of aluminum disks (Govindhasamy et al.
2005). In a totally different area, backpropagation optimized food safety and
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quality in thermal processing applications. The network computed the optimal
control parameters and quality degradation of the food (Kseibat et al. 1999).
Another solution is laser welding process optimization with backpropagation and
L9 Taguchi approach (Olabi et al. 2006). Backpropagation has also been used in
neuro-genetic-fuzzy control structure in tuning the optimal parameters of a fuzzy
PI controller (Serra & Bottura 2006). Other applications have used
backpropagation with genetic algorithms in the optimization of vegetable oil
hydrogenation process (Izadifar & Jahromi 2007), the optimization of medium
composition (Franco-Lara et al. 2007) and in the modeling and optimization of
the NOx emission characteristics of a coal boiler (Zhou et al. 2004).
There are also examples of backpropagation usage in large-scale problems
e.g. the optimization of a milling process, water supply problem, and optimal steel
plant control. In advanced control and optimization of milling process, the
backpropagation neural network was modified and it was used with advanced
Levenberg-Marquardt method. (Liu & Wang 1999) In the water supply problem
for the city of Chennai, India, backpropagation was trained to approximate the
simulation model. After this, the neural network was used as a submodel in a
Hooke and Jeeves nonlinear programming model to find near optimal policies.
(Neelakantan & Pundarikanthan 2000) Optimal steel plant control system used
two neural network techniques. One optimization model utilized a large number
of neural network models with early stopping, and another optimization model
used variance backpropagation to obtain affecting input variances. (Van Gorp
1999) In recent studies this neural network has been used in the optimum load
allocation of a the combined heat and power plant (Cerri et al. 2006). A totally
different, but complicated optimization presents the ue of backpropagation in the
prediction and optimization of pigment grinding parameters with pearl mills
(Tušar et al. 2006).
3.3.2 Hopfield network and Boltzman machine in optimization
The Hopfield network is a neural network, which uses the supervised mode of
learning, like MLP. However, the Hopfield network is used in profiling and
optimization tasks. In many cases the variants of this Hopfield network are
suitable for optimization problems, which are described in terms of a cost
function. The method is especially suitable for travelling-salesman type of
optimization and there are many examples successfully solved by Hopfield
network. (Hopfield & Tank 1986, Freeman & Skapura 1992, Koikkalainen 1994)
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Further, a heuristic approach based on Hopfield neural networks to solve the
routing problem in a topological design context of computer networks was
proposed (Pierre et al. 2000) and quite the same approach was used in optimal
routing for communication networks (Venkataram et al. 2002). Also, Hopfield
network has been used in the optimization of motion estimation from a sequence
of images (Farahani & Kamangar 1999).
The only drawback with the Hopfield network is that it can only be applied to
optimization with linear equality constraints; however, the network can handle
inequality constraints e.g. by the penalty function method. The penalty function
converts the constrained optimization problems into unconstrained problems. An
example application is the economic load dispatch issue, which is one of the most
important optimization problems in power system operation. (Hartati & ElHawary 2000) Recently a modified Hopfield network for economic load dispatch
has been presented (Da Silva et al. 2004) and the same problem has been solved
using discrete Hopfield network with no limits on the number of constraint blocks
(Swarup & Simi 2006). There are several versions of the Hopfield network, which
can obtain better solutions in more complicated optimization problems than the
standard Hopfield network. Matsuda has developed a version, which obtains
better solution in travelling-salesman problem (Matsuda 2000). A modified
Hopfield network solved several classes of the optimization problems like
combinatorial optimization problems and dynamic programming problems (Da
Silva et al. 1999). Winter & Favier (1999) have reported another successful
example of a modified Hopfield network usage in combinatorial optimization
problems. In addition, Takenaka et al. (2000) have presented an improved
searching capability of a Hopfield-type neural network for solving combinatorial
optimization problems. An adaptive Hopfield neural network was used in the real
power optimization with load flow. The actual load flow was used to compute the
transmission loss accurately, and two adaptive methods, slope adjustment and bias
adjustment, improved the Hopfield network adaptively. Both of the methods used
cost functions in the form of the Hopfield neural network. (Lee et al. 2000)
The Boltzmann machine is a version of the Hopfield model, where the output
is a stochastic function. Network structure includes binary neurons, which can be
obtained in only two states. In optimization, the Boltzmann machine searches the
global minimum of the corresponding energy function using an algorithm called
simulated annealing. The optimization process starts with a high temperature and
gradually cooling down, allowing the network to reach equilibrium at any step.
The chances are good that the network will settle in a global minimum of the
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corresponding energy function. The network can be used to solve a well-known
optimization problem: the travelling-salesman problem. However, the learning
process is quite slow. (Freeman & Skapura 1992, Cichocki & Unbehauen 1993)
Simulated annealing has been used to solve the problem of finding the best
configuration of fuel assemblies in a pressurized water reactor (Sadighi 2002).
Further developed annealed neural network exhibits the rapid convergence of the
Hopfield neural network, while preserving the solution quality afforded by
simulated annealing. It was proposed as a model of combinational optimization
problem and it was found to be rather efficient in solving the architectural layout
problem. (Yeh 2006)
3.3.3 Self-organizing maps (SOM) in optimization
SOM is a neural network architecture, which is probably the most used in the area
of unsupervised learning. This network includes only two fully interconnected
layers, an input layer and one competitive layer, where the processing elements
are called Kohonen units. Input for the network is typically unlabeled data. There
are two important properties of SOM: vector quantization and continuous
topological representation between the two spaces. SOM has the ability to form
topology-preserving mappings between its input and output spaces and the
network learns to balance a pole by searching forces at the base of the pole.
Euler’s method is used to simulate the behavior of the pole. As a competitive
network, SOM can organize quickly large numbers of unlabeled data. (Freeman &
Skapura 1992) The usage in optimization is not very common, however, as a
practical describing tool, SOM can be used in many types of optimization
problems like traveling salesman problem (Smith 1999) and in finding the best
solution for the sequencing problem (McMullen 2001).
3.3.4 General regression neural network
A general regression neural network (GRNN) is a network type planned to be a
universal approximator for smooth functions. It was introduced (Specht 1991) as
a follower of probabilistic neural network (PNN), which was designed for
classification tasks. Typical for both networks is lazy learning, i.e. learning
processes are postponed from the training phase to whenever the networks are
called upon to perform their specific functions. Lazy learning is very fast and it
can classify clusters of data whose shapes may be irregular, because it does not
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have to extract any features from the input samples to represent knowledge in any
particular form. However, PNN and GRNN are not suitable for classifying
problems that have more than 5-6 inputs; they will suffer severely from the curse
of dimensionality, because these networks require a large amount of storage space
to store all the input samples at all times. (Barlas et al. 2003)
3.3.5 Some issues in neural network optimization
Neural networks are typically black-box models of a process and thus the
optimization procedure is not really known. If there is no other optimization
method in use, it is hard to determine the optimal solution. When using neural
networks, it might be enough that the target of process optimization is to find out
how to improve the production quality, quantity, or economy. One problem in
optimization can be neuron inputs transferring to outputs, because the input
effects must be compensated for by network structures and rules (Berg 1996). In
practical engineering, another problem is how to get and validate the data for
neural network training (Reh & Ye 2000). So that is the same issue as in all online optimization, are the measurements good enough, which also have an effect
on the results of this work. In supervised learning, the network ought to be trained
for optimization function; however, sometimes it can be problematic to find out or
measure all the variables, which really affect costs. In unsupervised learning
methods, the network does the classification. It is, however, uncertain, if it really
can find the optimal classes of data. However, we can accept that the optimization
in complicated problems can be only an improving task, which offers better
solutions but not necessarily the best.
3.3.6 Neural network-based approach for optimization
Different possibilities for optimization were looked into, as discussed in Chapter
2 and in the earlier parts of this chapter. Neural network-based optimization was
practiced while researching other possible methods. Neural network modeling can
be performed with simulated data from the first-principle model or with
experimental data. After modeling, possible optimization steps may use either
conventional optimization or full mapping of the objective function as presented
in Fig. 17. The approach of this study is close to the B(II) approach and
experimental data is real process data.
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The approach in Fig. 17 is very rough and, the description should be done
more precisely to perform the optimization in practice. In the B(II) approach it is
possible to start from the large amount of data and variables, train the network,
adjust parameters and take the constraints into account and perform that
iteratively to find the best performing network. This approach for the modeling
and optimization using the neural network is shown in Fig. 18. (Nascimento et al.
2000) This research utilizes quite the same approach, as will be seen in Chapter 5.
So the numerical optimization problem presented in Chapters 3.1 and 3.2 returns
to the qualitative grid-screen optimization, but still utilizes the serial multi-stage
structure of the bleach plant
NN modelling step
(A)
first-principle model is
available

(B)
first-principle model is
NOT available

NN trained with data
simulated from a firstprinciple model

NN trained with
experimental data

optimization step
(I)
conventional optimization
methods (e.g. NLP)

(II)
optimization by full
mapping of the objective
(detailed grid search)

Fig. 17. Possible structures of neural networks based approaches (Nascimento et al.
2000).
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Fig. 18. Scheme of the optimization procedure without a phenomenological model
(Nascimento et al. 2000).
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4

Data and their preprocessing

4.1

Description of the data

The data used in this research come from a bleach plant at a Finnish Kraft pulp
mill. The bleach plant stages were D-EOP-D-EO-D and the softwood pulp was
oxygen delignified before bleaching. Some of the data were from automatic
measurements of the process control system and some from the pulp mill
laboratory. Most of the measurements were originally taken every 10 minutes, but
laboratory analysis was made only once every hour or two and some with much
lower frequency, thus it was natural to use hourly averaged data. The data
included about 8600 hours of 55 measured variables. Processing of the data is
described at Chapters 4 and 5. As shown in Fig. 19, there have been variations
both in the production capacity and ClO2 dosage in the first bleaching stage.

Fig. 19. Trends of production capacity (Mass IN, t/d) and ClO2 dosage (kgaCl/ADt) in D0
stage at first 3000 hours of data. ClO2 dosage is the lower line.

According to Fig. 20, Kappa number and brightness values were well controlled.
The input Kappa number was normally between 14 and 18. These values were
typical at the measurement time. The Kappa number after EOP was 4-6, which is
the normal variation when the target is 5. The brightness value after the D0 stage
had lots of variations and it seemed that the confidence in D0 washing brightness
was poor. D1 input brightness had variations but the measurement seemed to
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function well. The D1 output brightness was normally 75-90 ISO % and the
measurement was mostly good. The final brightness had quite a few variations
and was typically between 90 ISO % and 93 ISO %. Accordingly, it seemed that
the target for the final brightness had been 89 ISO % and over. In spite of that
there were a lot of variations in ClO2 dosages as seen in Fig. 21. At the D0 stage,
the dosage was normally 21-37 kgaCl/ADt and at the D1 15-33 kgaCl/ADt. The
relatively biggest variation was in D2 where the dosage was 3-12 kgaCl/ADt.

Fig. 20. Statistical view (distribution %) on Kappa numbers and brightness’ (ISO %) in
bleaching stages.

Fig. 21. Statistical view (distribution %) on chlorine dioxide dosages (kgaCl/ADt) of
original data.

Stage temperatures were steady and typically they were above 50°C at all stages
and normally between 55-65°C, as seen in Fig. 22. The same picture shows
production capacity, which was quite often between 600-800 t/d, but also values
around 400 t/d or near 900 t/d were noticed.

58

Fig. 22. Statistical view (distribution %) on temperatures (Lampo, °C) in the bleaching
stages and production capacity, (Mass IN, t/d) of the original data.

Fig. 23 shows pH levels in the bleaching stages. Chlorine dioxide works best in
the acidic area so the pH levels in the ClO2 stages were 2-4 in D0, 2-5 in D1, and
2,5-5.5 in D2. According to literature, optimal pH levels are 2-3 in D0, 3-4 in D1,
and 4-5 in D2 (Lampela et al. 1999). In the D0 stage, the pH seemed to be too high
and in D2 too low. The average for the D1 stage seems to be in right place, but
there is too much variation. In the alkaline stages pH are above 10.

Fig. 23. Statistical view (distribution %) on stage pHs of the original data.
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4.2

Data preprocessing

Data were processed and analyzed by Excel and Matlab. Excel was used before
the NeuroSense included preprocessing possibilities for preprocessing the data
and for basic statistical functions. During the examination, typical problems of
raw process data existed, like missing values, outliers, level changes and varying
residence times, which depended on the production rate and the filling factor of
bleaching reactors. At the maximum, the residence time was 14 hours.
Matlab was used with NeuroSense, which is an analytical neural network
modeling program developed by Metso Automation. The program provides a
graphical interface for using Matlab, including methods for statistical analysis,
variable selection and classification, delay observation, interpolation, and neural
network structure selection, modeling, simulation, and analysis with mapping
functions and sensitivity charts. In addition, there is also the possibility to use it
connected with the control system.. In the study, NeuroSense made data handling
much faster and less laborious. Especially the changing of neural network
structures and variables were tasks that were improved considerably. Missing
values were handled either by linear interpolation or by cutting-off those parts of
data out of the study. Trials were done using almost all values without cutting-off,
with some cutting-off and with close cutting-off. At the most strict selection,
under 50% of the original data were used in trials. Different kinds of training and
test set classifications were tested using the rule that the training set occurred
always earlier in time than the test set.
One part of preprocessing was correlation analysis, but the results were
confusing. Typically the correlations varied around zero. Only the temperatures
seemed to be related to each other. There might be several reasons for that. At
first, the processes were under control which ran faster than the selected time for
the chosen interval. Also, the measurement accuracy varied as well as residence
times. There were many other possible reasons, but to clarify the situation the
data were analyzed carefully. Most of the variables were compared with each
other to find some dependencies. Typical results are seen in Fig. 24. The Kappa
number after the EOP stage seemed to have very small dependency on ClO2
dosage or Kappa number of input pulp.
Fig. 25 explains the situation a little. The Kappa number change in the
D0+EOP stages correlates slightly with ClO2 dosage and has a clear correlation
with Kappa number of input pulp. The reason for this is the operating practice of
the bleach plant. The target of the first stages is to drop the Kappa number to a
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certain level and it was performed successfully. The variations are based on
properties of input pulp, process conditions, production capacity, and
measurement variations, which are bigger at low Kappa numbers.

Fig. 24. Kappa number after EOP stage vs ClO2 dosage (kgaCl/ADt) and Kappa number of
input pulp.

Fig. 25. Kappa number change vs ClO2 dosage (kgaCl/ADt) and Kappa number of input
pulp.
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The same kinds of results were also found with other variables as Fig. 26
presents. There were lots of variations and poor correlations. In fact, this supports
the fact that bleaching is complicated to control and optimize. Multiple
interactions between variables and demanding process conditions have their
effect. There are also recycles, residuals and formation of bridges, and thus
changes in material flows passing through the bleaching stages.

Fig. 26. Kappa number of input pulp vs. ClO2 dosage (kgaCl/ADt) at stage D0 and totally
at bleaching.

4.3

Variable selection with Fuzzy Cognitive Maps (FCM)

It was noticed at the beginning of the study that variable selection might be
complicated without a deep knowledge of bleaching. FCM, which were
constructed according to the literature survey and expert knowledge, were used in
selecting variables from data to analyze (Keski-Säntti et al. 1997).
4.3.1 Fuzzy Cognitive Maps
Cognitive maps have been used for decades in psychology and in sociology like
in the study of political elites (Axelrod 1976). Based on this work, the theory of
FCM was developed (Kosko 1986, 1992). Properties of the FCM are causal arcs
describing influence, plus-minus weighting, feedbacks, and using neural networks
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in the adjustment of the map (Kosko 1992, see also Fig. 27). FCM have been
found useful in many applications. FCM are used for planning and making
decisions in the fields of international relations, administrative science, management science and operations research, FCM have been used to model plant
control (Gotoh et al. 1989), they have been proposed as a generic system for
decision analysis (Zhang et al. 1989), and they have been applied to Failure
Modes and Effects Analysis, FMEA (Pelaez & Bowles 1995, 1996). One
interesting proposal is to use an FCM model for the supervisor of the control
system of a plant process (Stylios et al. 1997a) Other areas are game theory,
information analysis, popular political developments, electrical circuits analysis,
cooperative man-machines, distributed group-decision support and adaptation,
and learning, etc. (Craiger et al. 1996, Dickerson & Kosko 1994, Kosko 1997,
Aquilar 2005). Furthermore, tthe implementation of the FCM in distributed and
control problems has been investigated (Pelaez & Bowles 1996, Stylios et al.
1997a, Stylios et al. 1997b).
FCM are used to create models as collections of concepts and the various
causal relations that exist between these concepts. The concepts are represented
by nodes and the causal relationships by directed arcs between the nodes (Fig.
27). FCM are a combination of fuzzy logic and neural networks. An FCM
describes a system in terms of “concepts” and interconnections between
“concepts”. It is a fuzzy signed directed graph with feedback, where nodes of the
graph are connected by signed and weighted arcs representing the causal
relationships that exist between the concepts.
A fuzzy-graph structure of FCM allows systematic causal propagation and
knowledge bases to grow by connecting different FCM. Each concept represents
one of the key-factors and is characterized by the term Ai that represents the level
of activation, which is calculated by the equation 24. Mathematically, the FCM is
described by a state vector A(1 x n) and an edge matrix E(n x n).
n

A i = f( ∑ W ji A j )

(24)

j =1
j≠ i

Interconnections Wij are essential elements in the FCM and there are three types
of causal relationships between concepts:
1. Wij > 0 indicates positive causality between concepts Ci and Cj, e.g in Fig. 27.
W13 > 0, which means an increase of the dirt count when the load share
D0/(D1+D2) increases.
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2. Wij < 0 indicates a negative causality between concepts Ci and Cj, e.g. in Fig.
27. W41 < 0, which means a decrease of the dirt count when the total ClO2
consumption increases.
3. Wij = 0 or no arc indicates no relationship between concepts.
The value of Wij indicates how strongly concept Ci influences concept Cj and sign
of Wij denotes a direct or inverse relationship.

Fig. 27. A simple FCM of load share, dirt count and ClO2 consumption (Keski-Säntti et
al. 1997).

If an FCM is built by experts, then the FCM will be drawn according to his/her
experience of operation of the system and they determine the concepts and the
effects of one concept on the others, with a fuzzy degree of causation. Of course,
a group of experts can make their own FCM and combine different FCM and its
augmented matrix EAUG will be:
N

E AUG = ∑ bi Ei

(25)

1

Where EAUG is the whole FCM, bi is the weight for ith expert and Ei is the expert’s
FCM and N is the number of experts. (Stylios et al. 1997a) Accordingly, it is
possible to use results of data analysis or theories with experts.
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4.3.2 FCM of bleaching
The basic model for selecting the variables for the bleach plant optimization is the
FCM shown in Fig. 28, which is constructed based on bleaching theories and the
practical knowledge of the process. This FCM is used for if-then considerations,
outlining, learning and predicting how the complicated interactions between
variables are changing. Analyzed data from a bleach plant were used to improve
the model. The weights are not presented in the figure, because it is confusing
enough already in this form. The new contribution to visualize the type of
interconnections Wij in FCM is the symbol ∪, which means that there is an
optimal point or area between the concepts and any change of concept i decreases
or increases the concept j.
The FCM looks very complicated in spite of the fact that only the most
important variables and connections between them are shown. When large maps
are created the matrix procedure is simple, but if the amount of variables is very
big then it is also hard to handle the system using a matrix. In these kinds of
cases, the issue should be divided into smaller groups which can be connected.
However, systematic examination of the variables by means of FCM made it
possible to conceptualize the most important variables in bleaching stages. In
general, it was noticed that the properties of inlet pulp had the greatest effect,
regardless of the stage. These properties affect the bleaching chemical dosages,
which are related to other chemicals used, and thus to water circulations, washing
and recovery. The production capacity is affected through reaction times and
system dynamics, which seem to have a significant impact on chemical
consumption. Departure from the practiced production capacity is seen in
amplification of chemical dosages. In addition to these, the stage temperatures
and pH numbers have certain optimal zones where they should be and within
those areas their changes have only a small effect on chemical dosages.
Concerning optimization, it is natural that model outputs consist of the chemical
consumptions (chlorine dioxide) to be minimized and the constraining quality
variables (Kappa, brightness, pH, and dirt count).
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Fig. 28. A simplified FCM of bleach plant operations (Keski-Säntti et al. 1997).
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5

Neural network modeling

5.1

The selection of the network configuration

At the beginning of the research, some preliminary work was carried out to clarify
the different kinds of possibilities of utilizing neural networks both
experimentally and by the literature survey presented in earlier chapters.
Experimental work was started by basics with a considerable small amount of
data which were averaged hourly, one-month periods, seven input variables, one
output, and unknown residence times, but it was real data from a bleach plant.
Because this part of the work was done to clarify the possibilities, the data set in
this preliminary work were different from those presented in Chapter 4. At first,
the data were studied statistically and with linear multiple regression, which gave
a total correlation of 0.61 for the data.
First, the effect of network configurations was studied. In tests, 3-5 layers
were used with different kind of network types: normal backpropagation, BPJC,
BPDF, and GRNN. Data were divided into training data and validation data as
shown in Table 3.
Table 3. Data grading in network configuration tests.
Run

Grading

Training

Validation

Harju001 – 2

Random

620

156

Harju003 – 4

Random

681

95

ajo1 – 11

First / last part

388

388

ajo12 – 14

Last / first part

388

388

Typical results of the tests are presented in Table 4, which led to the following
conclusions. The grading to training and validation sets is very important and if
there is a need for good results then selecting a random method or pitching one to
validation after one to training might be attempting; however, is inadvisable,
because this type of usage is not possible in reality, and also the correlation of the
process data at the consecutive measurements are typically quite high in the case
of slow changes. In this case, a well-trained network is also naturally very good in
the validation tests. For example, the Harju001-004 tests used random grading
and large training data set, which resulted in both training and validation data
having the same correlations.
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A common result of network configuration tests was that there were very
small differences between different backpropagation networks. GRNN learned the
data very well, but when the network was also used in validation, as seen from
Ajo10 and Ajo11 the results were quite poor. When networks were intentionally
overtrained as in Ajo6, the correlation of validation tests dropped. Despite the fact
that the data were taken during quite a short period, it was noticed as early as
during the statistical study that it was quite different at the end and at the
beginning. The Ajo12 - Ajo14 tests used the end part, which included more
variation, as a training set and the beginning part as the validation set. The total
correlation in these tests was higher than in any other backpropagation tests. The
main reason is the larger variation in the training data. This also supports the
commonly known fact that in data-based modeling, sampling should be as
representative as possible.
Table 4. The results of network configuration tests using NeuroShell.
Run

Network

Network structure

type

Training

Total

Validation

Time

Iterations

correlation

correlation

correlation

(min)

(epochs)

Harju001

BP

7:8:1

0.610

4:40

130

Harju002

BP

7:17:1

0.611

3:57

86

Harju003

GRNN

7:776:1

0.960

0:56

12

Harju004

BPJC

7:8:8:8:1

0.606

3:22

41
439

Ajo1

BP

7:8:1

0.670

0.585

0.441

10:50

Ajo2

BP

7:17:1

0.640

0.581

0.417

25:03

590

Ajo3

BP

7:30:1

0.677

0.576

0.425

9:50

146

Ajo4

BP

7:12:12:1

0.680

0.575

0.408

14:27

230

Ajo5

BPJC

7:17:1

0.673

0.567

0.411

5:03

123

Ajo6

BPDF

7+7:15:1

0.895

0.568

0.331

62 h

18000

Ajo7

BPDF

7+7:15:1

0.646

0.564

0.440

3:30

29

Ajo8

BPDF

7+7:15:1

0.711

0.616

0.433

8:50

124

Ajo9

BPDF

7+7:15:1

0.719

0.610

0.420

20:08

407

Ajo10

GRNN

7:388:1

0.806

0.661

0.366

5:38

21

Ajo11

GRNN

7:776:1

0.806

0.661

0.366

4:01

15

Ajo12

BP

7:15:1

0.495

0.558

0.609

9:33

258

Ajo13

BP

7:15:1

0.646

0.657

0.670

55:00

1532

Ajo14

BP

7:15:1

0.692

0.695

0.699

112:07

2945

Matlab with a Neural Network Toolbox was harder to get into and the usability
was also complicated in comparison with NeuroShell. However, it offered more
possibilities for modifying the network and the calculations were much faster. The
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summary of results from the Matlab Neural Network Toolbox runs is presented in
Table 5.
The training data set in these tests was selected in three ways. At first, every
other row was used for the training and every other for the validation (EO). Next,
the first half of the data were used for training and the second half for validation
(FH). Finally, the second half of the data were used for training and the first half
for validation (SH). Also, it was possible to use three types of transfer functions:
logsig, tansig, and purelin. The network size and the number of layers could be
selected. The training algorithm in the all tests was Levenberg-Marquardt training
method (trainlm), which was noticed to be fast and effective.
The Matlab tests gave quite promising results, but differences between the
tested networks were considerable, even when using exactly the same network
structures. So, in some cases many trials were needed before a typical of the
network performance result could be decided. The termination time in the tests
was emphatic and too high a number of neurons or too small a sum-squared error
(SSE) led very easily to overtraining, which can be seen in the low validation
correlation when compared to the training correlation. Only a couple training
epochs too much could cause overtraining. The best result (total correlation 0.73)
using FH and SH validation was achieved using quite a small network including
7:8:1 neurons in layers. Furthermore, the smaller networks seemed to be better,
because they were faster to set up and compute. As a whole, the result of the study
was satisfying, given the quality of the original data. The outlier deletion and the
use of EO validation made results much better. These tests showed out that the
neural networks may be usable in modeling processes, which led to the decision
that further studies on the area should be carried out.
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Table 5. The results of the network configuration tests with Matlab NN Toolbox.
Network structure: neurons

Training

Total

Validation

Data

SSE/

correlation

correlation

correlation

grading

Epochs

7(logsig):8(tansig):1(purelin)

0.68

0.67

0.66

388 EO

0.05

7(logsig):17(tansig):1(purelin)

0.86

0.81

0.75

388 EO

0.025

(transfer function) / layer

7(logsig):17(tansig):1(purelin)

0.94

0.81

0.67

388 EO

0.01

7(logsig):34(tansig):1(purelin)*

0.94

0.77

0.59

388 EO

0.01

7(logsig):5(tansig):1(purelin)

0.89

0.64

0.39

388 EO

0.02

7(logsig):13(tansig):1(purelin)

0.89

0.68

0.47

388 EO

0.02

14(logsig):8(tansig):1(purelin)

0.86

0.81

0.75

388 EO

0.025

7(logsig):1(purelin)

0.85

0.73

0.61

388 EO

0.025

7(logsig):8(tansig):1(purelin)

0.82

0.76

0.69

300** EO

0.025

7(logsig):13(tansig):1(purelin)

0.87

0.845

0.82

300** EO

0.02

14(logsig):17(tansig):1(purelin)

0.92

0.835

0.75

300** EO

0.02

7(logsig):17(tansig):1(purelin)

0.93

0.83

0.73

300** EO

0.01

34(logsig):17(tansig):1(purelin)*

0.98

0.775

0.57

300** EO

0.02

7(logsig):13(tansig):1(purelin)

0.90

0.875

0.85

254** EO

0.02

7(logsig):17(tansig):1(purelin)

0.84

0.82

0.80

254** EO

0.02

7(logsig):13(tansig):1(purelin)

0.92

0.86

0.80

222** EO

0.01

7(logsig):8(tansig):1(purelin)

0.92

0.90

0.88

254** EO

0.01

7(logsig):8(tansig):1(purelin)*

0.97

0.83

0.69

254** EO

0.0045

7(logsig):8(tansig):1(purelin)

0.83

0.71

0.65

388 FH

0.02

7(logsig):8(tansig):1(purelin)

0.92

0.40

0.31

388 FH

0.01

7(logsig):8(tansig):1(purelin)

0.79

0.42

0.35

388 FH

0.025

7(logsig):8(tansig):1(purelin)

0.83

0.49

0.28

388 FH

0.02

7(logsig):8(tansig):1(purelin)

0.83

0.67

0.59

388 SH

0.02/19

7(logsig):8(tansig):1(purelin)

0.83

0.63

0.53

388 SH

0.02/25

7(logsig):8(tansig):1(purelin)

0.83

0.51

0.42

388 SH

0.02/33

7(logsig):8(tansig):1(purelin)

0.83

0.47

0.34

388 SH

0.02/42

7(logsig):8(tansig):1(purelin)

0.84

0.55

0.47

388 SH

0.02/17

7(logsig):8(tansig):1(purelin)

0.68

0.53

0.43

388 SH

0.05/8

7(logsig):8(tansig):1(purelin)***

0.83

0.73

0.68

388 SH

0.02/117

7(logsig):17(tansig):1(purelin)

0.83

0.55

0.48

388 SH

0.02/31

7(logsig):17(tansig):1(purelin)

0.77

0.23

0.17

388 SH

0.05/6

7(logsig):17(tansig):1(purelin)***

0.88

0.23

0.18

388 SH

0.02/4

7(logsig):17(tansig):1(purelin)

0.84

0.52

0.43

388 SH

0.02/8

14(logsig):8(tansig):1(purelin)

0.83

0.61

0.51

388 SH

0.02/8

14(logsig):8(tansig):1(purelin)

0.84

0.46

0.34

388 SH

0.02/6

14(logsig):8(tansig):1(purelin)

0.80

0.71

0.68

388 SH

0.05/5

14(logsig):8(tansig):1(purelin)***

0.84

0.73

0.67

388 SH

0.02/7

Notes of the runs at Table 5: *) Overtraining detected. There were too many neurons at the hidden layers
or SSE set was too small. **) Data modified by deleting out layer rows. ***) Previous run was continued.
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5.2

Modeling

The actual modeling was done using the selected neural network configuration. At
first it was natural to make modeling tests using nearly all the variables, but it was
soon noticed that tests were hard to arrange, computing was very slow and
crashed sometimes, and also the models did not form very well when using too
many variables in the tests. Several models were done and their code numbers
together with the definition of their input and output variables are presented in
Table 6. The definitions correspond to the models in Table 7. The input variables
of the tests are marked as In and output variables as O. All of the variables and
those that are not included in the tables have been used as inputs in some
networks, but those which are not shown had either no influence or a negative
influence on modeling. Concerning optimization, it is natural that the model
outputs consist of the chemical consumptions (chlorine dioxide) to be minimized
and the constraining quality variables (Kappa, brightness, pH, and dirt count).
5.3

Results of the neural network modeling

5.3.1 Model correlations
There are several ways to rate the results of the modeling work. At first, the
training should be done according to the certain criteria as used time, the number
of iterations, and accepted inaccuracy using certain characteristics. In the
validation, the correlation of the model and original data is a simple way to check
the quality of the model. Correlations of the simulation results are presented in
Table 7. Almost every target variable could be modeled, and in the negative cases,
the two main reasons were the lack of data and the measurement inaccuracy.
Naturally, the correlation of simulations could be higher, but it could be stated
that neural networks can be utilized in this kind of the problem, if we take into
account the length of time of the series and the fact that the data come from real
processes, including disturbances, missing values, and changing delays. The
especially good result of model A3005 is based on the fact that the delta
brightness in D2 had a very strong dependency on D1 brightness. Possible reasons
for that is either a quite normal overloading in stage D2 or much smaller variation
in the final brightness than the D1 brightness.
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A3009

A3005

A6003

A6004

A6005

In

In

In

In

In

In

In

In

In

In

In

In

In

In

In

D0 pH IN

In

In

In

In

In

In

In

D0 polarox IN

In

In

In

In

In

In

In

ClO2 to D0 stage

O

In

In

In

In

In

O

In

In

Steadiness
NaOH after D0 wash

In
In

O2 mixer

In

EOP pH IN

In

Kappa, after EOP stage

O

Kappa, change

In
In

In

D0 temperature output

D1 Brightness IN

O

In

In

In

In

In

In

In

In

O

In
In
In

In
In

O

In
O

In

In
In

In

In

O

In

In

In

In

In

D1 pH

In

In

D1 temperature IN

In

In

In

D2 temperature

In
In

In

EO temperature

In
In

EO pH

In

In

In

D2 pH out

In

In

In

O

O

In

In

In

In

NaOH, EOP washer

In

In

ClO2 to D1 stage

O

In

In

In

In

In
In

ClO2 to D2 stage

In

NaOH, D1 washer
D1 Brightness output
D2 Brightness output
D2 Delta brightness
D0/(D1+D2) dosage
D1/D2 dosage
Dirt count
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In

In
In

ClO2 total dosage

D1 Delta Brightness

A7001

A1201

In

In

A4002

A1018

In

In

A2011

A1014

In

In

A2004

A1012

In

In

A2008

A1005

In

Mass IN

A2003

A1009

Kappa IN

A2001

Model code

A10002

Table 6. Examples of inputs and outputs used in some models.

O

In

In

O

O

In

In

In
In

In

In

In

In

O

In

In

In

In

O
O
O
In
O

Table 7. Simulation result correlations of some neural network models in pulp
bleaching.
Model code

Output

Network

Training correlation

Structure

Validation
correlation

A10002

ClO2 to D0 stage

4:3:1

0.66

0.61

A1009

Kappa number, EOP stage

10:5:1

0.59

0.32

A1005

NaOH after D0 wash

6:4:1

0.77

0.61

A1012

D1 Brightness input

9:5:1

0.66

0.13

A1014

EOP pH input

8:5:1

0.75

0.33

A1018

Kappa number, change

7:5:1

0.93

0.71
0.59

A1201

ClO2 to D0 stage

6:5:1

0.75

A2001

ClO2 to D1 stage

5:5:1

0.71

0.39

A2004

D1 pH

3:3:1

0.40

0.40

A2008

NaOH, D1 washer

Linear

0.64

0.49

A2011

D1 Delta Brightness

4:5:1

0.93

0.83

A3009

D2 Brightness

Linear

0.47

0.33

A3005

D2 Delta Brightness

4:5:1

0.96

0.98

A4002

D1 NaOH in washing

7:5:1

0.61

0.57

A6003

ClO2 total dosage

Linear

0.67

0.68

A6004

ClO2 total dosage

9:5:1

0.94

0.83

A6005

D2 Brightness

9:3:1

0.45

0.43

A7001

Dirt-count

Linear

0.37

0.53

5.3.2 Visualization tools
Results are visualized using simulation trends, mapping functions and sensitivity
charts. Fig. 29 demonstrates a situation where the neural network is successfully
trained to predict Kappa number change in D0+EOP stages. Fig. 29 brings out the
simulation trend of the training and validation parts. According to these
simulation trends we can estimate, how good the model is and check, if the
training has been successful. Both trends should be quite similar on features. On
the other hand, we can see if the data contain extraordinary parts, which are
impossible to train. Process disturbances, measurement failures, or some other
good reasons are behind these. The variations are stronger in validation than in
training, which means that the network is either slightly overtrained or the
validation part is just different.
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Fig. 29. Simulation trends of Kappa number change vs. time in D0+EOP stages.
Simulated data is black line and real data is gray. Simulation of training is above and
simulation of validation is below. Model A1018.

Fig. 30 and Fig. 31 give examples of mapping function utilization. These
functions give us the opportunity to look inside the neural network model and see
the influence of a single input to the result of the whole model. At the mapping
function, it is possible to select any input variable of the model to be shown on
the x-axis, when the output of the model is on the y-axis. There are several curves
representing effects of other inputs in two statistical levels. Also, we can estimate
how successful the training of the model has been. Harmonious curves without
crossings, as Fig. 30 demonstrates, are the mark of the successful training. The
crossings as in Fig. 31 mean that the model should be trained again, especially if
there are many crossings. The case is the same if there are lots of variations in the
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functions. Mapping functions play an important part in qualitative optimization as
seen in the following chapters.

Fig. 30. Neural network model based mapping function of the Kappa number change
in D0+EOP stages vs. ClO2 dosage (kgaCl ADt) in D0 stage (y-axis). Model A1201. Other
inputs (gray lines) were D0 input Kappa number, production capacity, D0 input pH, D0
input Polarox, and D0 input temperature.

Fig. 31. Neural network model based mapping function of Input Kappa number vs.
ClO2 dosage (kgaCl/ADt) in D0 stage (y-axis). Model A1201. Other inputs (gray lines)
were Kappa number change in D0+EOP stages, production capacity, D0 input pH, D0
input Polarox, and D0 input temperature.
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Fig. 32 presents examples of sensitivity charts, which can be used to describe the
whole available data of the model. The lines in the charts symbolize the "what-if"
considerations of the model; accordingly, if we change the other variable of the
chart we see the most predicted value of the other by following the lines. The
length of the lines can be selected as a step length. The levels can be chosen for
all variables of the model. Thus it is possible to find out, if certain values are
gained in one part of the inputs.
Fig. 32 shows the effect of the input Kappa number on the total consumption
of bleaching chemicals. In fact, the effect is so strong that it was very hard to find
clear effects of other variables. One variable which seems to have also quite a
strong relationship with the dosage is the production capacity, as is presented in
Fig. 33.

Fig. 32. Sensitivity chart of input Kappa number vs. total ClO2 dosage (kgaCl/ADt) (yaxis) in bleach plant. Model A6004. Other inputs were production capacity, D2
temperature, D2 brightness output, D2 ClO2 dosage, D1 brightness output, D2 pH output,
D1/D2 load share, and EO pH.
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Fig. 33. Sensitivity chart of production capacity (t/d) vs. ClO2 dosage (kgaCl/ADt) (yaxis) in the bleach plant. Model A6004. Other inputs were Kappa number input, D2 pH
output, D2 temperature, D2 brightness output, D2 ClO2 dosage, D1 brightness output,
D1/D2 load share, and EO pH.

5.4

Optimal load sharing for the bleaching plant

The optimal load sharing follows the idea presented in Chapter 3.2. First, load
sharing between the D0 stage and the remaining two stages is carried out. Then
sharing between the D1 and D2 stages is done. This load sharing is based on the
neural network models presented in the previous chapter and mapping functions
are utilized. Mapping functions are continuous and change quite slowly and the
optimization is easiest to do visually. Numerical approaches would not
necessarily increase the optimization accuracy at a practical level.
5.4.1 Load sharing between stages D0 and D1+D2
One of the main ideas of the study was chemical load sharing. In other words, the
opportunity to make savings in chemical consumption, if the loads and the
disturbances can be divided optimally between each bleaching stage. The results
of the analysis in load sharing of ClO2 in stages D0 and D1+D2 are presented by
mapping functions in Fig. 34 and Fig. 35. In Fig. 34 the linear model A6003 and
whole data set was used. In Fig. 35 the structure of the network included five
inputs, one hidden layer with three neurons and one output, the total ClO2
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consumption. Fig. 35 is a combination of three separately performed tests where
data set was divided into three groups by the input Kappa number: 14-15, 15-16,
and 16-17. There were two goals for the division. At first, the intention to see the
impact of Kappa number on the chemical dosage and in the second place to check
if the same type of result can be achieved in all tests. Both figures show that the
ClO2 load should be as high as possible in the D0 stage. It should be remembered
that the normal load share was 0.5-1.5 in the data and the confidence limits of the
results are the same.

Fig. 34. Mapping function of ClO2 load share D0/ (D1+ D2), linear model A6003. Other
inputs were Kappa number input, production capacity, D2 temperature, D2 brightness
output, D2 ClO2 dosage, D1 brightness output, D2 pH output, and EO pH.
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Fig. 35. Mapping function of ClO2 load share D0/(D1+D2) vs. ClO2 total dosage. The data
was divided according to Kappa number to groups 14 – 15, 15 – 16, and 16 – 17. Other
inputs were production capacity, D0 input pH, D0 input Polarox, and D0 input
temperature.

5.4.2 Load sharing between stages D1 and D2
To study load sharing between stages D1 and D2, the data were grouped based on
the Kappa number (14-15, 15-16, 16-17 and 17-18). The intention was to
eliminate the strong effect of the input quality to the total consumption of ClO2.
Typical results of neural network analysis in load sharing of ClO2 between stages
D1 and D2 are presented by mapping functions in Fig. 36. The structure of the
network included five inputs, one hidden layer with three neurons and one output,
ClO2 total consumption. According to several tests, the results were not very
clear. Note also that the crossing curves tell that the training is not at the best
possible level. The main reason might be the operation practice of bleaching. It is
typical to use the constant load ratio between these two stages. On the other hand,
it has been normal to use the same dosage in the D2 stage for a long time.
According to these functions, it looks like the D1 dosage in comparison with D2
dosage should be lower than the normal load share which is 2-3, but in Fig. 36b
and Fig. 36c it seems that a higher D1/D2 share can also give lower ClO2
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consumption. However, the results are quite unclear for the D1/D2 share, but the
effect of input kappa number for total chemical consumption is very clear.

Fig. 36. Mapping functions of ClO2 load share D1/D2 vs. ClO2 total dosage. The data
were divided according to Kappa number to groups 14 – 15, 15 – 16, 16 – 17, and 17 –
18. Other inputs were production capacity, D2 pH output, D2 temperature, and D1
brightness output.

On the other hand, examining the data set as a whole gave quite a convincing
mapping function, as shown in Fig. 37. Lowering the D1/D2 share should give
smaller chemical consumption. Also, the correlation of the used neural network
model is quite high (0.94/0.83) However, the effect of the load share can not be so
strong as in the figure, because the lowest total dosages have been around 40
kgaCl/ADt and D1 and D2 together presents only about the half of the total dosage.
As a conclusion of D1/D2 sharing, it looks more economic to divide the loads
evenly between these stages.
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Fig. 37. Mapping function of ClO2 load share D1/D2 vs. ClO2 total dosage (kgaCl/ADt).
Model A6004. Other inputs were Kappa number input, production capacity, D2 pH
output, D2 temperature, D2 brightness output, D2 ClO2 dosage, D1 brightness output,
and EO pH.

5.4.3 Quality constraints
In the previous chapters the optimization task has been considered without real
constraints. In practice, the quality requirements of pulp are high and they have a
strong influence in optimization. Typically the quality is followed by on-line and
laboratory measurements after certain stages. Kappa number is monitored after
the EOP stage and at the end of bleaching dirt count, viscosity, and strength
properties are followed. The brightness is in fact measured after all stages and it
has probably the biggest effect and constraint on the chemical usage, because
brightness is associated with quality and also with the price of pulp.
According to Fig. 38 there seems to be no relationship with ClO2 dosage at
the D0 stage and the Kappa number after the EOP stage. However the target of
these stages and chemical dosage is to lower the Kappa number to a certain level,
which in fact has been achieved successfully and the variation is considerable
small. The figure only tells that bleaching controls work well. The Kappa number
change has a strong dependency on the input Kappa number, which can be seen
clearly in Fig. 39. As the ClO2 at D0 is dosed according to the input Kappa
number to reach a certain Kappa number level after the EOP stage, the result
should be just as presented in Fig. 38.
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Fig. 38. ClO2 dosage (kgaCl/ADt) at D0 stage vs. Kappa number after EOP stage, model
A1009. Other inputs were Kappa number input, production capacity, D0 input pH, D0
input Polarox, steadiness, NaOH after D0 wash, O2 to mixer, EOP pH input, and D0
output temperature.

Fig. 39. Input Kappa number vs. Kappa number change at D0 and EOP stages, model
A1018. Other inputs were production capacity, D0 input pH, D0 input Polarox, ClO2
dosage, EOP pH input, and D0 output temperature.

The effect of the input Kappa number on the total ClO2 dosage is visible in the
sensitivity chart in Fig. 32. Great variations in dosages are due to changes in the
EOP Kappa target. This result is in good agreement with the results shown in Fig.
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38: The higher the input Kappa number, the higher the need for Kappa number
change and the higher the total chlorine dioxide consumption.
The final brightness is typically very strict in bleaching and the data under
study were not exception. In fact, the brightness is such a strong quality constraint
that bleaching chemicals seem to be overdosed to assure the reaching of the target
brightness. For modeling that is harmful, because the real chemical dosages
cannot be reliably seen when overdosed chemicals have only a small effect on the
brightness gain. Another problem is the confidence on the measurements, which
might also be a reason for the very strong effect of the brightness at D1 input to
the delta brightness at the D1 stage as seen in Fig. 40b. ClO2 dosage has
practically no effect according to the same model-based mapping function in Fig.
40a. Either the dosage is always too high or the measurements might have been
flawed.

Fig. 40. Mapping functions of ClO2 dosage (kgaCl/ADt) to D1 (a) and brightness (ISO %)
at D1 input (b) vs. D1 delta brightness, model A2011. Other inputs were D1 pH, and D1
temperature.

The correlation between the model and real data was 0.93 in the training and 0.83
in the validation in model A2011. The result was good with the real data, but a
higher correlation was achieved by model A3005 in the modeling of D2 delta
brightness. The correlation in the training was 0.98 and 0.96 in the validation.
However, the same kinds of results were perceived as previously. As presented in
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the mapping functions in Fig. 41, the ClO2 dosage to D2 (a) seems to have no
effect on the D2 delta brightness, which depends strongly on the output brightness
of the D1 stage. At this level of brightness measurements, confidence should be
high, so it seems that the overdosage at the D2 stage is highly probable

Fig. 41. Mapping functions of ClO2 dosage (kgaCl/ADt) to D2 (a) and brightness (ISO %)
at D1 output (b) vs. D2 delta brightness, model A3005. Other inputs were Kappa number
input and production capacity.

Logically, D2 brightness output should be related to D1 brightness output and
there is quite a small but clear effect as seen in Fig. 42(a). However, the biggest
effect is probably hidden because the dosage is set to result in a constant final
brightness. The other quality constraints of bleached pulp are the dirt count and
viscosity, but they could not be modeled reliably. The main reasons are the small
data set for scattered measurements and equable values. Only a clear and selfexplanatory connection seems to be between the D2 brightness output and the dirt
count presented in Fig. 42(b).
The figures above give us a view of chemical consumption, which seems to
be strongly dependent on the quality of inlet pulp. Better quality means simply the
need for less chemicals and a higher final brightness. Combining the information
of the figures and the description of serial process optimization in Chapter 3, the
conclusion can be drawn that chemical cost minimization is a function, which we
should be able to solve under certain constraints. There are clear opportunities to
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save costs by optimal load sharing, which according to the result looks like the
more the brightness gained in the first stages of bleaching, the higher the final
brightness will be. Also, there are constraints that should be met at the processes
as temperature, pH, and water circulations. Temperature and pH have been the
part of the models, but briefly their effect is seen only if they are out of the
defined range. In addition, production capacity influences dosages, and the
production should be kept as much as possible to the planned capacity. These
issues are discussed further in the following chapter.

Fig. 42. Mapping functions of (a) D1 brightness output (ISO %) vs. D2 brightness output
(ISO %), model A5001, and (b) D2 brightness output (ISO %) vs. dirt count, model
A3011. Other inputs in model A5001 were production capacity, ClO2 dosage to D2, D2
pH, D2 temperature, EO pH, and EO temperature. Other inputs in model A3011 were
Kappa number input, production capacity, D1 output brightness, ClO2 dosages to D0, D1
and to D2.

Sensitivity charts have been used in studying the effects of quality and other
variables on the total ClO2 dosage. The effect of Kappa number based dosage can
be seen in all the stages of bleaching. D1 output brightness in Fig. 43 does not
seem to be dependent on the ClO2 dosage, but after careful observation of the
lines, a slight idea that higher dosage may lead to higher brightness. This is clear
in the area with the biggest number of data and the big variations were once again
due to varying process conditions.
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According to Fig. 44, it seems that higher input temperature in the D1 stage
can drop the total dosage a little. Here black curves refer to training data and gray
curves, correspondingly, the validation data.

Fig. 43. Sensitivity chart of D1 output brightness (ISO %) vs. total ClO2 dosage
(kgaCl/ADt) (y-axis) in bleach plant.

Fig. 44. Sensitivity chart of input temperature (°C) to D1 stage vs. total ClO2 dosage
(kgaClADt) (y-axis) in bleach plant.

Fig. 45 shows that a high final brightness has been targeted using very different
amounts of bleaching chemicals. If we consider the fact that the chemical
amounts should have an effect on final brightness, the effect of dosage seen here
is quite confusing. Accordingly, it seems to be clear that there are other variables
which should have an impact on the final brightness, or which is more probable,
the input pulp quality is changing and it causes the big variations in the total ClO2
86

dosage. Again there is a possibility that an overdose of chemicals is used in some
or all of the bleaching stages, which means that residual chemicals are removed
after the stage. This seems clear especially when the final brightness exceeds 92
ISO % and the ClO2 consumption (kgaCl/ADt) increases considerably.

Fig. 45. Sensitivity chart of D2 output brightness (ISO %) vs. total ClO2 dosage
(kgaCl/ADt) (y-axis).
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6

Discussion

As this thesis has outlined, a bleaching process is very complicated to model
analytically and experimental optimization is impossible in practice because of
costs and process safety. Therefore, the data were collected from process
measurements during normal mill operation and modeled using neural networks.
Optimization was performed based on the visualization of the neural network
models. In the next chapter, the main ideas of the work and experiences are
carefully analyzed.
6.1

Success of data collection and reliability of the data

The data used in modeling had its origin mainly in the automatic measurements of
the process control system and only a minor part came from pulp mill laboratory
analysis. Data collection was performed with the help of the control system
supplier directly from a history database. Hourly averaged data were chosen to
eliminate most of the inconsistencies and outliers and also to keep the amount of
the data reasonable small for data transfer and calculations. As a whole, the
collection happened smoothly, but as the counterbalance there might have been
losses of valuable information. For example, exact delay times cannot be
determined, although this is not a major problem, because large processes
including fluids and probably gases do not follow the plug flow, and there are
always some dilutions in the reactors.
Information of measuring devices including their condition or calibration was
not used, because one part of the study was to prove if the neural networks are
able to model processes continuously blindly based purely on data. In any case,
the data was quite representative, including variations such as seasonal effects.
Some measurements clearly showed that they should have been repaired or
calibrated because they were working at their maximal area and the
measurements were even cut. Thereby, the reliability of the data is moderate, but
in this situation the collected data have been used for control and running the
process successfully through the data set, so accordingly the estimation of the
data reliability is quite good. In addition, the results of control measurements
performed in the laboratory support the estimation. However, there are some
issues which should be noted when comparing on-line data with laboratory
analysis. Firstly, the pulp is not homogeneous which leads to the possibility of
considerable variations over short periods, even within a couple of minutes.
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Secondly, the samples for laboratory analysis and on-line measurements are not
taken at exactly the same time or from the same place. Finally, the laboratory
results are also averaged, because in the standard analysis it is typical that more
than one sample is taken and all the samples should be analyzed more than once.
So, there always seem to be demands for more reliable measurements, but it
should be remembered that the disturbances might also be a reflection of the
reality.
6.2

Dividing data into training and validation sets

An essential component in data division was neural network modeling literature.
Accordingly, there are several possibilities for performing the data-dividing task
as random, one by one, bit by bit, and just dividing into two groups in
chronological order. Then a selection of data group sizes is needed for the training
and validation groups. Naturally it depends on the size of the data set and the
purpose of the modeling work. Quite often a ratio of 50/50 division for training
and validation is used.
Concerning the phenomena which are dependent on their earlier status, like
processes, it has been observed that at a certain time window and at a certain
accuracy, the previous value is one of the best predictions. From this point of
view, using the one by one data dividing method should have given very good
correlations. Nevertheless, in practice the usability of this kind of method is poor
because the model needs continuous updating and with this type of data, which
includes dynamic delays, paying attention to delays would be very complicated if
the data were divided randomly, one by one, or bit by bit. This was one of the
main reasons for dividing it in chronological order.
The preliminary work assigned the importance of division. Even small
changes in the division ratio can be effective if there is a fair sample of a certain
state to be trained. During tests it was noticed that if most of the data had been
selected for training and only some part of the data (weeks, days) for validation,
the results would have been much better; however, one part of the study was to
clarify if the neural network model can work for a long time without training.
Consideration of on-line usage means that the model should, in particular, also be
operative in the future. Typically, the tests used division ratios of 55/45 and 50/50,
but also in some tests 65/35 and 30/70 were used.
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6.3

Variable and model selection

Variable selection was quite a demanding task, because according to the literature
presented in Chapter 2 almost everything in bleaching has an influence on many
other variables, which are linked as causal chains, in practice too. In the first trials
modeling was performed using all the possible variables from the data as inputs,
naturally with the criteria that they have some kind of effect on the output, in a
way modeling the whole bleach plant with only one or a couple of networks. This
fact led to the situation where the networks were large and calculation was slow
and the modeling result was poor.
Knowledge from literature was collected together to clarify the interactions,
but the amount of documentation and contradictions especially in quantitative
levels and models, made the situation problematic. There was a demand for
putting together what was essential in the bleaching, which was solved by
developing a fuzzy cognitive map to describe the whole bleach plant. The FCM
was then used as an aid for the selection of variables for the implementation of
smaller networks. Nevertheless, numerous combinations of variables were
required to be trained and validated. Different combinations of variables could
lead to either the same or totally different results in the modeling. A small number
of variables and small network structures gave rise to the best results.
In the training part, the sum-squared error was used as the criterion to stop the
training. Simulation trends could be drawn for both training and validation and
they were used to estimate how good the model was and to check if the training
had been successful. The original data and modeled data were compared in the
trends. Correlations were also calculated. Both trends for training and validation
should be quite similar on features. On the other hand, according to the simulation
it could be seen whether the data contained extraordinary parts, which were
impossible to train.
Concerning the selected tool, the mapping functions gave an opportunity to
see the influence of a single input on the result of the whole model. All the curves
in the mapping diagram represent the effects of inputs. We can also estimate how
successful the training of the model has been. Harmonious curves without
crossings, with small variations, and quite reasonably-sized changes, show
successful training; otherwise the model should be trained again, normally with a
slightly different data.
The sensitivity charts produced by the selected tool were practical in the
sensitivity analysis where approximated ranges for certain variables and the
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developed neural network model could calculate the variations in proportion to
another selected variable. Indistinct lines in these figures mirror about failed
training or messy data. If graphs are very similar both in training and validation,
the reason probably lies in the data, which was noticed many times during
modeling.
All the above-mentioned charts and graphs were considered during modeling
to decide on the next steps. They showed some possibilities of how to continue,
either to use the same variables with different models or otherwise to use the
same model but a different number of variables, and after training and validation
compare the results for the next steps. Finally, if a satisfactory model could be
found it was set as accepted.
During modeling work, especially during variable selection it was noticed
that some variables were critical, such as Kappa number and dosages. Then there
were important variables, like pH values and temperatures, but when they were at
the normal level without changing significantly they had practically no effect on
the final result of process. Furthermore, there seemed to be some variables, that
did not seem to have any influence on bleaching, but naturally they might either
belong to the previous group or not have been measured reliably.
6.4

The selection of the neural network type

The driving forces behind the study were the interest in neural networks and the
unsolved problem of pulp bleaching optimization. Literature research was
performed in the area of pulp bleaching and concurrently the utilization of
intelligent methods was studied experimentally, which naturally included neural
network studies. At the beginning, there was some uncertainty about suitable
methods for tackling this problem. Should the focus be on improving traditional
algorithmic methods using better measurements, more accurate models, or just
increasing brute force calculation capacity? According to literature, it was to find
out the reasons for physical modeling problems, such as the fact that all the
necessary factors are not measured on-line and that the behavior of the real
continuous processes differs from batch tests in the laboratory, especially in
dilution and reaction times. In fact, the problem itself is not in optimization but in
modeling the processes. Optimization is quite a simple task if the stages of
bleaching can be modeled with the required accuracy.
Studies in the area of intelligent methods raised the possibilities of genetic
algorithms and neural networks in the area of optimization. As presented in
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chapter 3.3, possible neural networks for optimization were backpropagation, the
Hopfield network, SOM, and GRNN, but which one of these methods was
suitable for the on-line optimization of a serial multi-stage process? At quite an
early stage it was realized that the task is partly predictive and partly
optimization. The suitability of the Hopfield network is for optimization with
linear equality constraints. SOM is at its best in classification tasks. Some reports
on using backpropagation in optimization were optimistic. During the preliminary
work, certain tests were performed using both backpropagation and GRNN.
Experience of usability and the results of the preliminary work led us to
concentrate on backpropagation. Finally, the main tests during the study were
performed utilizing the NeuroSense program, which used backpropagation,
offering an easy user interface, with options for improved testing.
6.5

Quality of neural networks in off-line optimization

The backpropagation neural network did in fact work quite well and the
confidence in the results was high in some tests and reasonably high in most of
them. Many neural network models gave strong correlations in simulation when
compared with real data (see Table 7). Naturally, in the training part, it is possible
to reach as high a correlation as one wished if the network is allowed to be
overtrained and the data is selected very carefully. Nevertheless, this is not very
wise concerning validation, which typically shows poor results if the data is from
real processes and the network is overtrained. The explanation lies in the data set.
There are very few cases when random data is so representative that a complete
model could be derived from it, and can also work perfectly in the future. There
are many reasons for this:
–
–
–
–
–
–
–
–

Processes are changing all the time (wearing, soiling, target).
Long delay times, which can also be irregular.
Quality of raw materials can be different (especially wood).
Measurements do not stay in calibration.
Timing of measurements and average samples.
Interpolation of data.
Possible extrapolation.
Process control distorts the real effects (Kappa number after the EOP stage).
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So, in training, a good model is robust and operates well, but it should also work
in validation. Certainly it works for some time, but not forever. The longer the
time, the better the model.
There are many possibilities to improve the quality of neural network models.
At first, the data could be collected selectively. It means that the training data
should include nearly all the allowed and reasonable process states. The
prerequisite for this is good contact with the process and purposely built factory
tests to reach targets. The data quality can be naturally improved, but then we get
into experimental optimization, which is costly with real processes. Within the
real data, there is always a need for interpolation, which should be done very
carefully, when data are missing or when the measurements are not simultaneous.
In many cases, it is much better to leave these parts out of training. In general, a
small number of representative data is preferable over the large amount of
moderate data. Other improvements might be the confirmation of measurements
accuracy by calibrations during data collection. In addition, neural network could
be pre-trained earlier by well-behaving simulation models. The correct timing of
measurements with the knowledge of real times can improve the results. It is also
possible to try more neural network types with different variables.
In any cases, we should remember that in the case of real world phenomena it
is not enough to know the inputs and outputs of the system, but we should also try
to find out why something happens. A neural network is typically thought of as a
black-box model and there are only certain variables, which lead to some output,
but not the real effect. With mapping functions and sensitivity charts interactions
can be visualized that in comparison with the known facts of processes can either
confirm or reject the expected results.
6.6

On-line optimization by neural networks

There are three main ways to train on-line neural networks: continuously or
periodically, when needed, or only once. The target of training is naturally the
best performance of the network. However, our research clearly shows that it is
highly exceptional if a once-trained network can be functional for a long time in
on-line usage. In on-line optimization, a well-planned and modeled network can
work very well, but only for a reasonable time. In practice, processes,
measurements, production, raw materials, and delays can all change. For on-line
usage, these issues should be solved and the network should be updated.
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Continuously or periodically trained networks can be trained automatically. If
the training happens continuously, the network is automatically updated all the
time by new data, and naturally the continuity depends on the measurement
frequency. A network is quite a living thing and follows the changes in the
processes and measurements. The problem is that it can also learn bad situations
and defective measurements very easily. In a periodically trained network, the
training happens e.g. once a week, monthly or whatever has been decided,
typically based on the process behavior. The model should work well through this
certain period. However, there are the same problems as in the continuously
trained network – bad situations and defective measurements are also trained.
If the network is trained only when it is necessary, the above-mentioned
problems can be partly solved. One possibility is the automatic statistical followup of the model performance. It should include continuous evaluation of the
situation and the recognition of the changed values. The situation should then be
classified either as a new situation, a random mistake or as part of the old
situation. If there is a new situation, the model should be trained again. This can
be performed automatically, but it is better to use the confirmation procedure and
a probable explanation of the situation, which should be done by a control person
with sufficient knowledge. In fact, this procedure can be just like in case-based
reasoning (CBR). Accordingly, there cannot be only one neural network, but
many trained networks, which are selected to be used based on the raw data case.
If the network is not useful or does not perform the task with the desired accuracy,
then the network needs to be trained again.
The procedure in Fig. 46 describes a proposal for on-line optimization when
trained networks are in use. First, the constraints should be included with selected
variables and they are used as inputs to the neural network calculation for the
necessary total ClO2 dosage to meet the requirements. Then, the second network
calculates the optimal share between D0/(D1+D2). Finally, the task of the third
network is to search the best dosage share between D1/D2. There is a feedback
connection to follow the performance of the optimization e.g. in this case the final
brightness of bleaching. As known, over-quality can make more costs than the
desired quality and this should also be noticed when comparing the calculated and
realized brightness. The network should react to all divergences.
It is clear that in on-line use there are several other important issues which
should be catered for in practical usage. A viable user interface is needed which is
embedded into the automation system that should include the follow-up of
optimized chemical costs vs. current costs. Information on the process state as set
95

points vs. real situation and especially incoming pulp quality follow-up is needed
because this might be the most probable source of new situations. Continuous and
automatic determination of delays is essential for timing. Finally, the on-line
measurement interval, or the filtering time constant, should be low enough, in this
case about 10 minutes, mainly for correct delays.

Fig. 46. Stages in the optimization of the bleach plant.

6.7

Results of optimization

The results seem clear for the optimal load sharing of ClO2 dosage between the
stages D0 and D1+D2 as presented by mapping functions in Fig. 34 and Fig. 35. It
appears that the bigger the load share D0/(D1+D2), the smaller the total chemical
dosage. However, there is no clear optimum, but it looks like the lowest
consumption level is at the confidence level and seems to pass the level, which is
maximum D0/(D1+D2) = 1.4, without extrapolation. This means approximately the
load share where D0 = 32 kgaCl/ADt and D1+D2 = 23 kgaCl/ADt and the total
dosage is 55 kgaCl/ADt. An important constraint in this load share might be the
wash water circulation, which must function well throughout the whole bleach
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plant, and thus has to be both balanced and able to meet the production capacity
requirements. In any case, according to this data and these tests it cannot be stated
in a reliable manner.
Concerning the load sharing of the next stages, D1 and D2, a certain optimum
remains quite unclear, although there are indications that the best share might be
the equal distribution of loads between the stages. The problem is again the data
set, which limits the lowest confidence level of D1/D2 to 1.3, without
extrapolation. Using the same values as above, it presents a share of D1 = 13
kgaCl/ADt and D2 = 10 kgaCl/ADt.
The results of optimization are quite indistinct, but as general guidelines for
the total chemical consumption it can be noticed that front heavy bleaching
should work well. In practice, more than half of the chemicals should be used in
the first stage, where the overall bleaching happens and the remaining stages
could work as the balancing force to reach the desired final quality. However, if
there is a need for more detailed knowledge, then we should also pay attention to
residuals, which means that chemical dosages are not enough, but we should
know how much the chemicals are used in the process and what are the effects on
brightening. Unfortunately, the measurement accuracy did not allow this.
Furthermore, it should be remembered that the data of this study was from a real
production plant which was controlled using a certain control strategy. One of the
main strategies in the control was that the Kappa number after the E0P stage
should be within the desired area. This has been attained successfully as seen in
Fig. 20 – 90% of the results are between 4 and 6. Also, the variation around
Kappa number 5 is quite irrational and does not depend on the input Kappa
number, chemical dosage or any other variable. However, the Kappa number
change at the D0+EOP stages does depend on the input Kappa number in a very
straightforward manner.
6.8

Transferability of the results

The results presented here are based on the data from a single mill collected
during a certain period and thus they would be quite useless unless they can be
converted for other mills. One possibility is to move some trained networks to
another mill, but there are many issues which would need to be similar:
–
–

The processes should be physically almost identical.
The same raw materials and chemicals should be used.
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–
–
–

Target of bleaching should be in the same area.
Operating practices need to be alike, including delays.
Same instrumentation, which means that measurements are identical or
situated in the same places and calibrated to give comparable results.

In fact, the requirements are so high that it is very unlikely that a fully trained
neural network could be moved to another mill in practice. It is more reasonable
just to move the knowledge of variables used and the network structure, which
can be trained using the history database or on-line data. Another possibility could
be a training network roughly using universal data from several mills or physical
models. In any case, the most important matters are a knowledge of the essential
variables and what kind of network is suitable for the function.
Nowadays, when computer capacity is getting bigger all the time, neural
network optimization could be embedded into the process control system, so that
the training is performed automatically, just by selecting this option After all, the
utilization of the results depends on the user.
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7

Summary

Pulp bleaching modeling and optimization was studied by literature reviews and
experimental test series, with special attention given to neural network utilization.
The motivation for the research arose from the challenge of the task, constricted
first principle models, and new available techniques. The purpose of the research
was to develop production optimization methods for pulp bleaching, so that they
are practical, can be used on-line, are easy to tune, and are transferable from one
plant to another. It was assumed that neural networks might provide a practical
method for bleaching optimization by combining analytical knowledge with real
data. In this kind of question, the load sharing concept, recognizing interactions in
chemical usage and the serial multi-stage nature of the process can simplify the
optimization task.
In the literature review, pulp bleaching optimization was approached from
three perspectives. First, the utilization of first principle models was studied.
Then, the other methods used to model and to optimize bleaching were charted.
The third perspective included the load sharing problem definition and a review
of optimization methods and their suitability for the presented problem, with
special concentration on neural networks.
First principle modeling is a complicated time-consuming task, which needs
very deep knowledge of the process and of mathematics. The other issue is that
these kinds of models are quite restricted in use, impractical, and the updating is
almost as laborious as model-making. During charting several other models were
also found, but only some examples of the most studied areas like mathematical
models, simulator models, data-based models, and intelligent models were shown
here. However, it was noticed that in practice, rules of thumb, black-box and
grey-box models can work as well as kinetics, but they are cheaper and easier to
understand and update.
In the problem definition pulp bleaching was specified as a multi-stage serial
process and thus the task referred to the optimization of this kind of process. The
earlier-used optimization studies included mathematical models for reaction
kinetics and flow dynamics, linear programming from control variables and for
sharing the costs between the bleaching stages, statistical models for sequence
optimization, simulation-based optimization, and also intelligent methods. The
ideas and the processes, however, differ from this case. The review of
optimization methods revealed a wide variety, but also knowledge of the
adequacy of the methods for certain problems. The suitability of different neural
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networks for a described load sharing problem was subjected to special scrutiny
and according to literature backpropagation seemed to be the most suitable for the
task.
The data used in this research comes from a bleach plant at a Finnish pulp
mill. Some part of data is from automatic measurements of the process control
system and some from the pulp mill laboratory. The data collection took place
smoothly and the data reliability was quite good. To understand the studied
system better and to improve the modeling, data was pre-processed and analyzed
statistically. During examination, typical problems of raw process data existed. A
literature survey and an expert knowledge-based FCM was used in selecting
variables from the data to analyze.
The neural network modeling was begun with preliminary work to clarify
various kinds of possibilities for utilizing neural networks both experimentally
and through a literature survey. The encouraging results led to the decision that
further studies on the area should be done and the actual modeling was performed
using the selected neural network configuration, backpropagation. Preliminary
work indicated the importance of data division for training and validation, which
was performed in chronological order. Typically, the tests used division ratios of
55/45 and 50/50, but also in some tests 65/35 and 30/70. In addition, variable
selection needed special attention and the FCM was used as an aid for the
implementation of smaller networks. In any case, numerous combinations of
variables needed to be trained and validated. Different combinations of variables
could lead to either the same or totally different results during modeling.
Surprisingly, a small number of variables and small network structures led to the
best results.
The results of the modeling work were rated in training as the time used,
number of iterations, and accepted inaccuracy using certain characteristics. In
validation, the correlation of the model and original data is a simple way to check
the quality of the model. The results were visualized using simulation trends,
mapping functions and sensitivity charts. Load sharing possibilities were
considered with and without constraints. First, the load sharing between the D0
stage and the remaining two stages was carried out. Then the sharing between the
D1 and D2 stages was done.
As a general guideline, it can be stated in brief that front heavy bleaching
should work well and more than half of the total chemicals should be used in the
first bleaching stage D0, and the remaining load should be divided so that the
dosage at the D1 is about 30% higher than in the D2 stage. Thus, the remaining
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stages should work as a balancing force to reach the desired final quality. Several
constraints have a strong influence on optimization like brightness, the Kappa
number, and the dirt count at the end of bleaching, as well as viscosity and
strength properties. Brightness probably has the biggest effect and constraint on
chemical usage, because ultimately brightness is associated with quality and also
with the price of pulp.
The quality of the backpropagation neural networks used in off-line
optimization was good and the confidence in the results was high in some tests
and reasonably high in most of them. Strong correlations in simulation were
achieved when compared with real data. In on-line optimization there are three
main ways to train on-line neural networks: continuously or periodically, when
needed, or only once. This research shows that a well-planned and modeled
network can work very well, but only within a reasonable time. Therefore, the
models should be updated either periodically or when needed. It is clear that in
on-line use, there are several other important issues which should be taken into
account for the practical usage: a viable user interface, probable in an automation
system, the follow-up of optimized chemical costs vs. current costs, process state
information, automatic delay determination, and a suitable measurement interval,
or filtering time constant, mainly for correct delays.
A reasonable way to transfer the results is to move the knowledge of the
variables used and the network structure, which can be trained using the history
database or on-line data. Furthermore, a roughly trained network using universal
data from several mills or physical models is possible. Finally, knowledge of the
essential variables and the suitability of the network is crucial.
In spite of recent technical developments, pulp bleaching still consumes a
great deal of energy, chemicals, and water. It is an important process for pulp and
paper quality, and as a complicated process optimization could mean considerable
savings. Nowadays, computer capacity does not restrict the task and neural
network optimization could be embedded into the process control system. New
techniques in equipment, biochemistry, processes, small wireless measurements,
and increasing computing capacity are highly significant for pulp bleaching in the
future and it might even be possible to obtain bright and clean pulp without
separate bleach plant. However, at present it is still important to optimize the use
of chemicals both for economic and ecological reasons.
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