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Abstract
The use of biomass has increased in recent years due to the efforts to reduce the high emissions
of greenhouse gases, primarily carbon dioxide from combustion of fossil fuels. At the same time
industrial processes have become more complex because of increased production rates and profitability
requirements. A higher degree of automation is needed when the processes are too complex to be
handled manually. There is a need to find modeling strategies that can automatically handle the
challenges that the conversion of biomass in an industrial process entails, such as operational changes,
decreasing component and overall system efficiency, drifting sensors, etc. The objective of this thesis
is to develop a methodology for on-line applications in industrial processes. Dynamic process models
have been developed for continuous digesters and boilers. Process models have been evaluated for
their use in continuous industrial process. Applications that have been studied are monitoring and
diagnostics, advanced control and decision support. The process models are designed for on-line
simulations. The results shows that the use of mathematical simulation models can improve the use of
both process data and process understanding, to achieve improved diagnostics, advanced control and
process optimization. In the two examples of industrial processes covered in this thesis, we can see that
similar types of models can be used for completely different types of processes, such as pulp digesters
and boilers. It also demonstrates the ability to combine soft sensors and hard sensors with physical
models to take the information to a higher level of utilization.
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Summary  

The use of biomass has increased in recent years due to the efforts to reduce 
the high emissions of greenhouse gases, primarily carbon dioxide from com-
bustion of fossil fuels. At the same time industrial processes have become 
more complex because of increased production rates and profitability require-
ments. A higher degree of automation is needed when the processes are too 
complex to be handled manually. A central part of the work on development 
of good automation solutions is a good simulation platform of industrial pro-
cesses to minimize disruptions. There is a need to find modeling strategies that 
can automatically handle the challenges that the conversion of biomass in an 
industrial process entails, such as operational changes, decreasing component 
and overall system efficiency, drifting sensors, etc.  

The objective of this thesis is to develop a methodology for on-line ap-
plications in industrial processes. Analyze different types of modeling systems 
and evaluate the advantages and disadvantages of various systems. Dynamic 
process models have been developed for continuous digesters and boilers. Pro-
cess models have been evaluated for their use in continuous industrial process. 
Applications that have been studied are monitoring and diagnostics, advanced 
control and decision support. The process models are designed for on-line 
simulations. The main part of the thesis is dedicated to describing semi-phys-
ical process models and their robustness when used for different purposes.  

The accuracy and level of detail of the process models for on-line applica-
tions have been optimized so that the calculation speed is sufficiently high for 
their use on-line. The dynamic process models have been adapted to the real 
process data by a number of parameters in the models describing the chemical 
and physical properties of different species of wood.  

The results shows that the use of mathematical simulation models can im-
prove the use of both process data and process understanding, to achieve im-
proved diagnostics, advanced control and process optimization. In the two ex-
amples of industrial processes covered in this thesis, we can see that similar 
types of models can be used for completely different types of processes, such 
as pulp digesters and boilers. It also demonstrates the ability to combine soft 
sensors and hard sensors with physical models to take the information to a 
higher level of utilization. 

This methodology show that by using a simulation model of a pulp digester, 
and measurements from the process, makes it possible to detect channeling in 
pulp digesters. A simulation model of a fluidized bed boiler, together with 
measurements of the process, makes it possible to detect combustion in the 
cyclones, which leads to the damaging of the cyclone. 



 

Sammanfattning 

För att minska utsläppen av växthusgaser i industriella processer har en utfas-
ning av fossila bränslen påbörjats de senaste åren, till fördel för användningen 
av biomassa. Samtidigt har också industriella processer blivit mer komplexa 
med anledning av ökad produktionstakt och krav på lönsamhet. För att möta 
dessa krav så behövs det en högre grad av automatisering, då processerna ofta 
är för komplexa för att kunna hanteras manuellt. En central del i arbetet med 
utveckling av automationslösningar är en bra simuleringsplattform över den 
industriella processen för att minimera störningar. Det finns således ett stort 
behov av att hitta modelleringsstrategier som automatiskt kan hantera de ut-
maningar som omvandling av biomassa i en industriell process medför, såsom 
driftförändringar, förslitning av komponenter, drivande sensorer .m.m.  

Målet med den här avhandlingen är att utveckla en metodik för användning 
av processmodeller on-line i industriella processer. Undersöka olika typer av 
modelleringssystem och utvärdera fördelar och nackdelar med de olika syste-
men. Egna dynamiska processmodeller har utvecklats för kontinuerliga 
massakokare och förbränningsanläggningar. Processmodellerna har utvärde-
rats med avseende på användning i kontinuerliga industriella processer. De 
användningsområden som har studerats är diagnostik, styrning och beslutstöd. 
Den största delen av avhandlingsarbetet har tillägnats semifysikaliska pro-
cessmodeller där krav på robusthet har beaktats, men även statistiska modeller 
har ingått i studien. 

Processmodellerna har haft som syfte att kunna användas för on-lineända-
mål. Modellernas noggrannhets- och detaljnivå har därför varit sådan att be-
räkningstiden har kunnat hållas nere så att simuleringsmodellen kunnat köras 
on-line. De dynamiska processmodellerna har anpassats till verklig process-
data genom ett antal parametrar i modellerna som beskriver kemiska och fy-
siska egenskaper hos olika trädslag.  

Resultaten visar att användningen av matematiska simuleringsmodeller kan 
öka nyttan av både processdata och processförståelse, så att man kan uppnå 
en bättre diagnostik, reglering och därmed också en bättre processoptimering. 
I de två exemplen på industriella processer som behandlas i avhandlingen så 
kan vi se att liknande typ av modeller kan användas för helt olika typer av 
processer, som massakokare och kraftpannor. Resultaten visar också på möj-
ligheterna att kombinera mjuka sensorer och hårda sensorer samt fysikaliska 
modeller för att ta informationen till en högre utnyttjandegrad. 

Metoden visar att genom att använda en simuleringsmodell av en massako-
kare tillsammans med mätningar från processen har kanalbildningar i 
massakokare kunna upptäckas. En simuleringsmodell av en fluidbäddspanna 
har tillsammans med mätningar i processen använts för att upptäcka att för-
bränning har skett i cyklonerna, vilket leder till skador och försämring av 
funktionaliteten hos cyklonerna.  
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Nomenclature 

Digester model 
Symbol Meaning Unit 

#  Kappa number  [---] 
iR  Reaction rate [kg/s] 

iA  Arrhenius constant for each component [m/s] 

iE
 Activation energy for each component [J/kg] 

out

cT  Temperature in chip stream out [K] 
out

Ic OH
Z ,  Concentration of hydroxide in chip stream out [kg/m3] 

out
Ic HS

Z ,  Concentration of hydrogen sulphide in chip stream 
out [kg/m3] 

wnA  Arrhenius constant for each concentration in white 
liquor 

[m/s] 

 

wnE  Activation energy for each concentration in white 
liquor [KJ/mol] 

out
icZ ,  Concentration of each concentration in chip stream 

out [kg/m3] 

0
,iwZ
 Concentration of each concentration in white liquor 

in volume element [kg/m3] 

c  Chip density [kg/m3] 

cV  Chip volume [m3] 

  Free void between the chips [---] 

d
dL  Dissolution rate of lignin per time unit [kg/s] 



Symbol Meaning Unit 

OHIR  Reaction rate for sodium hydroxide [kg/s] 

 Stoichiometric coefficient for hydroxide consump-
tion in liquid [---] 

OHC  Stoichiometric coefficient for hydrogen sulphide 
consumption in liquid [---] 

1ligIR  Reaction rate for fast reacting lignin [kg/s] 

2ligIR  Reaction rate for slow reacting lignin [kg/s] 

1ceIR  Reaction rate for cellulose in chips [kg/s] 

2ceIR  Reaction rate for dissolved organics in chips [kg/s] 

hceIR  Reaction rate for hemicellulose in chips [kg/s] 

HSIR  Reaction rate for sodium sulfide [kg/s] 

DR  Diffusion rate  [m3/s] 

m  Mass transfer coefficient [---] 

elV  Entrapped liquor volume [m3] 
in

cF  Volumetric flowrate chip stream in [m3/s] 
out

cF  Volumetric flowrate chip stream out [m3/s] 
in

lF  Volumetric flowrate liquor stream in [m3/s] 
out

lF  Volumetric flowrate liquor stream out [m3/s] 
in
c  Density chip stream in [kg/m3] 
in
l  Density chip stream in [kg/m3] 
out
c  Density chip stream in [kg/m3] 
out
l  Density chip stream in [kg/m3] 

in
cpc  Specific heat at constant pressure [J kg-1 K-1] 
in
lpc  Specific heat at constant pressure [J kg-1 K-1] 

out
cpc  Specific heat at constant pressure [J kg-1 K-1] 
out
lpc  Specific heat at constant pressure [J kg-1 K-1] 

OHL



 

Symbol Meaning Unit 
in

cT  Temperature chips stream in [K] 
in

lT  Temperature liquor stream in [K] 
out

cT  Temperature chips stream out [K] 
out

lT  Temperature liquor stream out [K] 

Combustion model 

Symbol Meaning Unit 

t
m

  Mass change per time unit [kg/s] 

)(imin  Mass flow for each component into the volume element [kg/s] 

)(imout  Mass flow for each component out of the volume ele-
ment [kg/s] 

t
ic


 ,

 Change in concentration for each component per time 
unit [kg/s] 

inventorym  Mass of the inventory (volume element) [kg] 

outkm ,  Mass flow out of the inventory [kg/s] 

t
T

  Temperature change per time unit [K/s] 

∆𝐻𝐻 Released energy [KJ/kg] 

U The heat transfer number [kJ/m2K] 

A Area [m2] 

Toutside Temperature at the outside of the heat exchanger tubes [K] 

Tblock Temperature in the inventory (volume element) [K] 

   



Abbrevations 

ANN Artificial neural network 

BN Bayesian network 

CSTR Continuous stirred-tank reactors 

CFD Computational Fluid Dynamics 

DCS Distributed control system 

FDIE Fault detection, isolation, and estimation 

MC Moisture content  

MLR Multiple linear regression 

MPC Model predictive control 

MVDA Multivariate data analysis 

NIR Near infrared (780–2 500 nm) 

NMR Nuclear magnetic resonance 

NN Neural net 

NOx Nitrogen oxides (NO and NO2) 

OPC Object linking and embedding (OLE) for Process Control 

PCR Principal Component regression 

PLS Partial least squares 

RF Radio frequency 

RMSE Root mean square error 

SOM Self-organizing maps 

VIS Visible (380–780 nm) 
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1 Introduction  

1.1 Background  
The use of biomass for the production of heat and power has increased in re-
cent years due to the efforts in reducing the large emissions of greenhouse 
gases, mainly carbon dioxide from combustion of fossil fuels. Industrial pro-
cesses such as the pulp and paper and heat and power have become more com-
plex according to the increased rate of production and the demand for profit-
ability. To meet these requirements a higher degree of automation and use of 
simulation platforms for supervision, diagnostics and control are needed. The 
aim is to develop a methodology for on-line applications that can handle all 
the challenges that biomass conversion in an industrial process brings, such as 
operational changes, deterioration, drifting sensors etc. and also to handle 
them automatically. 

Due to the complexity of the variation of different properties in biomass 
which effect the final product after transformation to heat or other biomass 
based products, e.g. pulp and paper. It is needed to have a reliable system to 
handle all the challenges for controlling processes in a sufficient way.  

Mathematical models can be used for a lot of different purposes. For indus-
trial applications process models are often used to transfer physical knowledge 
of the real process into a simulation model. The advantage of using a simula-
tion model is that different parts of a real process can been studied without 
disturbing the production. For example, it enables an observation of how 
changes in some parts of the process can affect the overall efficiency. It could 
also be used to diagnose how an increased rate of production could influence 
different parts in the process.  In the design phase of building a new plant a 
simulation model can be used to investigate how different parts in the process 
are interacting, find out project failures and improvements of the process be-
fore the construction starts. 

 Another important field for simulation models in industrial applications is 
used for diagnostics purposes. One approach to do this is to compare predicted 
values from the simulation model with measured values from the real process 
and use the deviation between them to make conclusions about the condition 
of the process. On-line process diagnostics for industrial processes are very 
useful to maintain good control of the process, equipment and sensor status to 
run the process in the most optimal way for environmental, economic and 
quality purposes. Another area for using process models is in the automatic 
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control engineering area for the evaluation of different control approaches, 
tuning controllers and for model-based control of industrial processes. 

1.2 Objectives 
The objective of this thesis is to develop a methodology for on-line applica-
tions in industrial processes. Investigate how a system structure for on-line 
applications in industrial processes, with the use of different types of process 
models, can be performed. To find out how to utilize them and handle their 
advantages and disadvantages in different applications for the conversion of 
biomass. Different aspects have to be considered and different possibilities 
have to be explored to achieve this. The studied system structure for on-line 
applications is illustrated and each article in this thesis has been sorted into 
the system structure where the papers main focus is. (Figure 1-1) 

 

Figure 1-1. System structure for on-line applications in industrial 
processes 

The industrial processes that are used as case studies in this thesis are Pulp 
and Paper (P&P) and Combined Heat and Power (CHP). Process data is col-
lected from the industrial process through the DCS (distributed control sys-
tem) (1). The quality of measured data from the process needs to be checked. 
For quality check and handling of inaccurate data, signal processing need to 
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be performed in a sufficient way (2). Modeling approach should be selected, 
statistical, physical, or a hybrid model for best performance (3). The results of 
the process model can be used for continuous development of the model to 
better fit the real process (3, 7) through the validation(6), or as a running ap-
plication for difference approaches (5), such as diagnostics (8), decision sup-
port (9) or control (10) of the real process.  

1.3 Research Questions 
From the objectives of this thesis are four research questions formulated. 

 Question 1: 
What type of modeling approaches are suitable for on-line applications 
in biomass conversion processes and how can they be verified?  

 Question 2: 
How can parameters in a model be determined and adjusted for on-line 
simulation?  

 Question 3: 
What kind of functionality, experience and knowledge can be transferred 
from one application to another industrial process application?  

 Question 4: 
What level of model prediction power is needed for decision support, di-
agnostics and on-line control? 

1.4 Contributions of this thesis 
The main contribution of the thesis can be summarized as follows: 

 Build-up a methodology for how to do a learning system for process mod-
els for tuning with feedback from process data.  

 Development of new dynamic process models of pulp digesters and boil-
ers that have been adapted to the real process data by a number of param-
eters in the models describing the chemical and physical properties of dif-
ferent species of wood utilizing the methodology. 

 Using the same dynamic model principals for Model Predictive Control 
(MPC) in a Bubbling Fluidized Bed (BFB) boiler in Eskilstuna and a di-
agnostic system for a Circulated Fluidized Bed (CFB) boiler in Västerås. 
The same principals have also been used in a pulp mill showing the gen-
erality of the methodology. 

 This work demonstrates the ability to combine soft and hard sensors and 
physical models to take the information to a higher level of utilization. In 
process diagnostics has the method been demonstrated in e.g. boilers 
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(combustion in cyclones) and in pulp digesters detecting channeling and 
sensor faults. 

The main contributions of the papers included in the thesis according to the 
most related research questions are presented here. 
 

Question 1: What type of modeling approaches are suitable for on-line 
applications in biomass conversion processes and how can they be veri-
fied? 

Paper I presents an evaluation of statistical and physical modeling approaches 
in two different applications, which are investigated and discussed from dif-
ferent perspectives. Two different examples of models used for the conversion 
of biomass. A statistical model for predicting NOx emissions in exhaust gases 
from a biomass-fired boiler. The other example is a dynamic simulation model 
of a continuous digester including mass balances, energy balances, chemical 
reactions and physical geometrical constraints.  

Paper V shows different modeling approaches for continuous pulp digest-
ers and how to handle pressure-flow networks. The objective of this study is 
to add hydraulics to the well-known Purdue model. Investigation of using 
Modelica/Dymola as the modeling tool for this complex multi-phase system 
is presented and showing that Modelica/Dymola is a sufficient tool to use for 
complex problem formulations.  

Paper IX gives some example applications of mathematical process mod-
els for diagnostic purposes, control and for design of new processes. The sug-
gested model is based on energy and mass balances for all relevant compo-
nents. The discussed applications are based on biomass combustion in fluid-
ized bed boilers.  

Paper III presents a dynamic model of a biomass-fired circulating fluid-
ized bed boiler. The model is used to simulate the effects of deposits on dif-
ferent heat exchangers in the convection part of the boiler and its effect on 
boiler efficiency and performance.  

Question 2: How can parameters in a model be determined and adjusted 
for on-line simulation? 

Paper I discusses the dynamic simulation model of a continuous digester in-
cluding mass balances, energy balances, chemical reactions and physical ge-
ometrical constraints. The basic principles should be accounted for in a rea-
sonable way and a few key tuning parameters are identified. These should be 
both relevant from a process point of view and possible to determine from the 
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process measurements or by manual sampling and laboratory analysis. Once 
this has been achieved we have to consider how the process is operated.  

Paper II discusses the challenges to obtain automatic methods to update 
parameters in process models according to process deterioration. Three differ-
ent examples from process industry are given. The first example is from the 
estimation of parameters related to steam turbine deterioration. The second 
example shows how to handle the key parameters in a continuous digester 
process model when changing from one wood type to another. The third ex-
ample shows the predictions of pulp and paper quality variables and their as-
sociated ability to predict the paper quality from pulp measurement. 

Paper IV presents on-line modeling and simulations of two different pulp-
ing processes. One single vessel Lo-solids pulp digester and a single vessel 
ITC pulp digester. The most important parameters for the tuning of kappa and 
alkali profiles was identified as reaction rate constants, chemical consumption 
constants and woodchips filling degree in transportation screws. All of these 
parameters are very dependent on the wood characteristics. The models were 
used for predictions and these predictions were compared with real process 
data and the results are presented.  

Paper V shows different modeling approaches for a continuous digester 
and how to handle pressure-flow networks. Parameters that are important for 
the multiphase flow are discussed. The parameter “admittance factor” which 
describe all properties that affect the pressure drop according to the chip size 
distribution. Large wood chips in the volume element gives a low pressure 
drop, while if there are also a lot of “pins” or “flakes”, the pressure drop will 
increase.   

Question 3: What kind of functionality, experience and knowledge can be 
transferred from one application to another industrial process applica-
tion? 

Paper IV presents on-line modeling and simulations of two different pulping 
processes. One single vessel Lo-Solids digester and a single ITC vessel di-
gester. Principally the same basis for the models were used for both applica-
tions, but differ in configuration to simulate different flows inside and around 
the digester.  

Paper VII presents multiple uses of the same simulation concept for dif-
ferent applications and processes. Dynamic process models for bubbling bed 
combustors, circulating fluidized beds and pulp digesters have been developed 
in Modelica. The process models have been transferred as objects into 
Matlab/Simulink and connected to the process computer system with OPC 
links through the database.  
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Question 4: What level of model prediction power is needed for decision 
support, diagnostics and on-line control? 

Paper VI investigate how to handle uncertainties in measurements used as 
input values to process models. The main purpose of this project was to inves-
tigate the possibilities to use available measuring devices together with a data 
driven model to handle uncertainties and develop a “soft sensor” for the de-
termination of moisture content in incoming biomass fuel. A Bayesian Net-
work model was used for the sensor diagnostic. 

Paper VIII reports a method for operator decision support where the pre-
dictions from the simulation models connect different physical variables to-
gether. By comparing energy and mass balances for a larger process area, 
faults in single process parts or single measurements can be detected by fol-
lowing the deviation between predicted values from the simulation and the 
single measurement over time. The information can serve as input to a Bayes-
ian network for decision support. An evaluation of what accuracy is needed 
for the simulation model has been done by comparing the results from a sim-
plified model with a more sophisticated process model used for the same pur-
pose. 

Paper IX gives some examples for the application of mathematical process 
models for diagnostic purposes, control and for the design of new processes. 
The suggested model is based on energy and mass balances for all relevant 
components. The discussed applications are all based of biomass combustion 
in fluidized bed boilers. There is one example where the focus is on diagnos-
tics where the mathematical simulation model is used to produce balanced/cal-
culated values from the process. These values are compared to the original 
measured values and the difference between these is plotted as a function of 
time for each variable. When the deviation is above a certain level a warning 
is given to notify that something may be wrong with either the process or a 
sensor. 

1.5 Limitations 
Mainly two industrial processes are studied in this thesis, pulp & paper and 
heat & power, but the discussed methods can also be used in other industrial 
processes. The limitations are that mainly two common tools have been con-
sidered and tested for physical modeling although there are several others 
available, e.g. GPROMS. Development of new control models, as for example 
Model Predictive Control (MPC), has not been done, but the use of ETH´s 
MPC algorithms has been investigated. Mathematical modeling techniques in 
different areas have been used, but with no new development of mathematical 
algorithms. 
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 The main goals in this thesis work have been to investigate existing mod-
eling systems and to evaluate how different systems can be combined to be 
used for practical industrial applications. New models have been developed 
using commercial platforms like Matlab/Simulink and Dymola/Modelica. 

1.6 Literature review 
This chapter gives an overview of other researchers’ work that relates to the 
work in this thesis. An historical overview of the progress in development of 
modeling pulp digester is also included. Physical as well as statistical model 
approaches are covered. An overview of commercial process simulation plat-
forms are also presented in this chapter. Different methods for estimation of 
chemical properties of biomass are presented. The gap between what other 
researcher have done in comparison with the objectives of this thesis is for-
mulated in the research questions presented in 1.3.    

1.6.1 Physical modeling tool 
The modeling work covered in this thesis has mainly been developed in Mod-
elica. It is a programming language created by the non-profit Modelica Asso-
ciation, which is the developer of the language and the free Modelica Standard 
Library. 

Modelica is developed to be an object-oriented language for modeling tech-
nical dynamic systems in a standardized format (Mattsson et al., 1996). The 
activity was started in the ESPRIT Project “Simulation in Europe Basic Re-
search working Group” (HSiE-WGI) in October 1996, were it was decided to 
design a new language for physical modeling. The idea was to develop a lan-
guage that easily exchanges models and model libraries, while giving the end-
user the advantage of an object-oriented methodology (Elmkvist et al., 1996). 

Modelica is used in several industrial applications to model complex sys-
tems e. g. mechanical, electrical, electronic, hydraulic, thermal, control and 
electric power components. The language is based on equations and is easy 
for engineers to handle. Fritzon (2010) gives a detailed overview of the Mod-
elica language and examples of different applications.  

In the control area is the use of process models for model predictive control 
(MPC) popular for industrial applications. The reason is that MPC design has 
the ability to give good performance over long time. This control approach 
was introduced already in the 1960s (Garcia et al., 1989). Casella et al. (2006) 
discussed desirable features of a modeling and simulation environment for 
studies of thermal power plant control and presented a guideline for modeling 
thermo–hydraulic processes using Modelica. 

In the power plant field, using Modelica for modeling combustion pro-
cesses, (Eborn et al., 2006) used a modeling library for combined cycle power 
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plants in Modelica to study two different methods of CO2-emission-free pro-
cesses, Oxygen Transport Membrane (OTM) and a high pressure post com-
bustion removal process called the Sargas process. There is a need for standard 
models for continuous digesters and fluidized bed boilers for online applica-
tions. We have developed our own Modelica libraries for continuous digesters 
and fluidized bed boilers. 

1.6.2 Modeling pulp digesters  
Modeling pulp digesters has been done in various levels of complexity both 
for batch and continuous digesters. Already in the 1950s, empirical modeling 
was done by Vroom (1957), modeling the h-factor combining temperature and 
cooking times into this single variable h-factor. Later on Kerr (1970) devel-
oped the h-factor considering the concentration of cooking liquor and the con-
tent of lignin in the wood chips. The effect of the chip thickness on the pulp 
properties has been theoretically modeled by Johnsson (1970). 

Bailey (1969) presented an empirical model for the prediction of pulp 
kappa number containing five variables in a twenty term polynomial, which 
can show the complexity of empirical modeling of pulp digesting. Hatton 
(1973) presented a prediction model for kappa number and the yield for a va-
riety of wood species. Kerr (1976) developed his model further by including 
pulping variables such as sulfidity, chip size, chip moisture content and liquor 
to wood ratio. 

Smith and Williams (1975) developed a continuous digester model approx-
imated by a series of continuous stirred-tank reactors (CSTRs) with in and 
outflows where heaters and screens were located. The wood chips are divided 
into five different species: high-reacting lignin, low-reacting lignin, cellulose, 
galactoglucomannan and arabinoxylan. This model later on became the Pur-
due model. Christensen et al. (1982) later improved the Purdue model by di-
viding the wood species into soft wood and hard wood by using experimental 
information from the pulping process to find kinetic parameters for different 
kinds of wood. 

 The three phase model was developed by Gustavsson et al. (1983), using 
different kinetic equations for the different phases of pulping, initial, bulk and 
residual phases. In this model the diffusivity was corrected with respects to 
pH and lignin content and not only the temperature. Harkonen (1987) devel-
oped a model which includes momentum, heat and mass balance to describe 
pressure and motion of the chips plug inside the digester. The model also in-
cludes the change in shape of the wood chips during the cooking phase and its 
effect on the flow resistance of the free liquor.  A first principle model based 
on Harkonen (ibid.) and Christensen, 1982) including mass, momentum and 
energy balances and the interaction between the reaction kinetics and the res-
idence time in the vessel was done by Michelsen (1996).  
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Wisnewski et al. (1997) developed an extension of the Purdue model, 
where the definition of mass concentration and volume fractions where im-
proved to remove some of the simplifying assumptions in the earlier version 
of the Purdue model. Bhartiya et al. (2001) continued the development of the 
Purdue model by incorporating axis momentum transports. This gives the op-
portunity to determine the chip level and its effect on the kappa number pro-
file. Kayihan et al. (2002) developed a model which include physical, chemi-
cal and transport parameters about each incoming chip plug to the digester, 
giving the opportunity to simulate grade change between hardwood and soft-
wood. Wisnewsky and Doyle (2001) investigated three different model pre-
dictive controllers using the extended Purdue model. 

There are examples of using statistical models for the simulation of the pulp 
digester processes. Some are used for fault detection, isolation, and estimation 
(FDIE) systems. An example performed by Zumoffen et al. (2010), presents a 
new monitoring system for FDIE on the pulp digesting process using ANNs 
and fuzzy-logic for an evaluation of the difference in operational cost between 
using the FDIE system or not. Statistical approaches are also sufficient for 
building soft sensors. One example in the area of pulp digesters is presented 
by Galicia et al. (2011) where a soft sensor approach is suggested. They have 
developed soft sensors using secondary measurements with data-driven meth-
ods based on multivariate regression techniques. One example of using ANNs 
in the pulp and paper area for monitoring system and for fault detection has 
been evaluated by (Zumoffen, 2008). 

1.6.3 Modeling fluidized bed boilers 
ANNs have been used for different applications in energy production. Liuk-
konen et al. (2011) use ANNs to predict the formation of nitrogen oxides 
(NOx) in a circulating fluidized bed boiler using the self-organizing maps 
(SOM) approach. Li et al. (2012) used information about the flame in an ANN 
model to predict NOx formations. Gómez-Barea et al. (2010) reviewed mod-
eling for the gasification of waste and biomass in bubbling and circulating 
fluidized bed gasifiers. Reactor modeling approaches have been investigated, 
black-box models and semi-empirical to CFD models are included in the re-
view. Liu et al. (2002) developed and evaluated a biomass fired circulating 
fluidized bed combustor model for predicting NO and N2O emissions, and was 
applied for the modeling of a 12 MWth CFB Boiler. Johansson (2012) created 
a dynamic bubbling fluidized bed boiler in Dymola to be used for operator 
training, but the model was limited to the fluegas side in the boiler up to the 
super heaters. Surasani et al. (2011) present a dynamic simulation model of a 
fluidized bed boiler for biomass combustion. The predicted flue gas composi-
tions were compared with measured values with good agreement. 
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1.6.4 Commercial process simulation platforms 
As the computational capacity increased during the 1970s and 1980s, so did 
also the use of computerized process simulations. The most common program-
ming language at that time was FORTRAN, a high-level language well suited 
for numeric computation. 

Kaj Juslin (Juslin, 2005) started to develop a process simulation environ-
ment by a combination of one sequential simulation model and a pressure-
flow network, where the flows were calculated separately and used iteratively 
in combination with the sequential simulation model. Later on this was imple-
mented in APROS simulation software in the research program “Numerical 
Simulation of Processes” at VTT Technical Research Centre of Finland, 
1986–1988. This software contained model libraries for nuclear power plants, 
combustion power plants and paper mills. 

Another simulator environment developed during this time was developed 
by Combustion Engineering which was later implemented in ABB SimconX 
platform. This simulator interacts with several different types of control sys-
tems and used G2 from Gensym as the graphical interface. G2 was the first 
fully object-oriented tool on the market. Another simulation environment used 
in the pulp and paper industry during this time was WinGEMS.  WinGEMS 
is a modular program designed to solve mass and energy balance equations. 
WinGEMS is developed by Pacific Simulation who later purchased and be-
come Metso WinGEMS (Dahlquist, 2008a).  

There have been several applications of computerized process simulation 
with different intentions. One purpose has been to train process operators. By 
doing so, the startup time for a new plant can be reduced and it enables prep-
arations for handling abnormal process events. (For a recent overview of com-
mercial software for operator training in the power plant area, see Juslin, 
2005.) ABB simconX and Honeywell SCADA TRAINER have advanced 
simulators aimed for operator training in the pulp and paper area. These sim-
ulators are connected to the DCS system. Flows in and out of the equipment 
are determined separately in a pressure-flow calculation iteratively every time 
step with the material balance calculated in the first principal algorithms 
(Dahlquist, 2008a). 

 Extend is a simulation environment developed by Imagine That! Inc. that 
is used in the pulp and paper area. The first application in Sweden within that 
area was developed by Lars Nyborg with PaperMac, FlowMac and PulpMac 
on the platform Extend (Dahlquist, 2008b). This simulation tool contains li-
braries of models for the use in pulp and paper industry and is mainly based 
on material balances.  

There are a number of other simulator environments primarily used for de-
sign purposes in the pulp and paper and power generation systems. These sim-
ulators are principally steady state simulators. Some examples of these that 
are frequently used in Pulp and Paper and Power Generation are ASPEN Plus, 
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IPSEPro, PROSIM, PaperFront, NOPS and BALAS. The dynamic simulation 
environment gPROMS is used for several different applications in process in-
dustries such as heat and power systems (Omosun, 2004), process design and 
control (Sakizlis, 2004), pulp and paper industry (Dahlquist, 2008b). 
gPROMS are developed at the Centre for Process Systems Engineering 
(CPSE) at Imperial College London (ICL). 

 The mentioned applications above are based on first principal equations 
for different equipment, but there are also a number of statistical models used 
in different applications. Examples of some statistical methods used in the area 
are ANNs and MVA (Multivariate Analysis), which are methods used for sim-
ulation purposes. Examples of ANN tools used in the area are Pavillion, Gen-
sym ANN tool, NeuroSolution, Matlab.  

1.6.5 Methods for estimation of chemical properties of biomass 
For the two application areas, pulp digesting and biomass combustion, there 
is a lack of information of the incoming wood, a major uncertainty factor, 
especially when doing process modeling. Better information of incoming 
wood with respect to composition and moisture content gives the opportunity 
to estimate parameters for the chemical properties. In the digester field this is 
of importance when optimizing the pulp yield and the use of chemicals. For 
combustion this is important when estimating the combustion characteristics 
of the incoming fuel. 

One common method for these purposes is to use NIR (Near Infra-Red) 
spectrometer. Many researchers have reported that NIR technique is useful for 
detecting different properties of wood materials (Tsuchikawa., 2007).  NIR 
spectroscopy is a well-established method for analyzing the chemical compo-
sition of a sample by light in the wavelengths range of 800–2 500 nm 
(Tsuchikawa., 2007). When the sample is exposed to the NIR-light, some of 
the light is absorbed by the material and the reflection is compared with the 
light from the lamp and from the spectra using a statistical model to get the 
prediction. The transmitter can, for example, be located above the conveying 
belt transporting the biomass. 

There has been research done in different application areas for on-line NIR 
spectroscopy. One example for predicting wood chips and pulp with NIR 
spectroscopy is presented by Annti et al. (1996). In this research the possibil-
ities to predict mixtures of three different wood species (Swedish pine, Swe-
dish spruce and Polish pine) are presented and also the characterization of a 
series of pulp samples. Skoglund et al. (2004) show that also VIS (Visible) 
spectroscopy (380–780 nm) can be used for the prediction of chip properties 
and for monitoring of continuous digesters. 

A review of research in NIR spectroscopy for wood and paper has been 
presented by Tsuchikawa (2007). Moisture content (MC) of incoming bio-
mass is one of the parameters which are important to have knowledge about 
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for making it possible to stabilize the process of combustion, to raise produc-
tion rate and reduce the formation of compounds with negative environmental 
impact. The MC of the biomass fuel influences the heat value negatively. 

The methods for on-line measuring of moisture content in fuels can be di-
vided into direct measurements and indirect methods. Examples of direct 
measurements include dual energy X-ray, NIR, radio frequency (RF), micro-
waves, and nuclear magnetic resonance (NMR) (Nyström et al., 2006). There 
are also indirect methods using soft sensor for the determination of moisture 
content of biomass with short responds time which can be used for control 
purposes (Kortela et al., 2013). 
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2 Methodology 

In this chapter theories and methods used in the research work of this thesis 
are described. Different types of modeling approaches are described, and a 
brief overview of the Modelica language are presented. Statistical modeling 
approaches such as Multivariate data analysis (MVDA), Bayesian networks 
(BN) and ANNs are described as well as a brief overview of statistics meas-
urements for performance of models.  

2.1 Physical modeling implemented in Modelica  
Modelica is an object-oriented language for modeling technical dynamic sys-
tems in a standardized format. This gives the user the advantage of an object-
oriented methodology, where it is possible to exchange models and model li-
braries. The main difference compared to many other object oriented lan-
guages is that Modelica is equation based instead of method based. This makes 
it more accessible to different types of engineers. 

Modelica is based on classes and it is possible to build self-created classes 
with different behaviors. Furthermore, Modelica is constructed on various 
types of restricted classes with different properties and usually it is sufficient 
enough to use these. The different classes are assigned by "keywords" that 
describe the characteristics of the class. The most applicable class “model” 
contains the equations where chemical reactions, mass balances, and energy 
balances etc. can be described. The only restriction for the class “model” is 
that it cannot be used for connections. The class “connector” is used to handle 
the communication between different models. 

Below is an example of a model in textual representation of one of the sec-
tions in the continuous digester model described in chapter 3. This example is 
influenced by Fritzon (2010), in which a more detailed overview of the Mod-
elica language and examples of different applications are presented. Models 
can be developed either graphically or textually in the environment. Figure 2-
1 shows one of the sections of the continuous digester model in a graphical 
representation (The top picture shows the icon of the section and the bottom 
picture shows the diagram behind the icon). In figure 2-2 the same model is 
represented in text. 
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Figure 2-1. Graphical representation of Modelica model (Section in 

digester model).  
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Figure 2-2. Textual representation of the modelica model (Section in 

digester model) 

Figure 2-2 shows the textual representation of the section H5 in the digester 
model. The first nine lines of text represent the components in the model di-
rectly corresponding to the graphical representation in figure 2-1. 

The included objects in model H5 are: 
 
 Interfaces.chip chip1 
 Interfaces.chip chip2 
 Interfaces.free_liquor free_liquor1 
 Interfaces.free_liquor free_liquor2 
 Digester_Section_tvatt_outlet Out2 
 Digester_Section_tvatt_inlet In2 
 Interfaces.free_liquor free_liquor6 
 Digester_Section_tvatt Digester_Section_tvatt1 
 Digester_Section_tvatt Digester_Section_tvatt2. 
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The included objects of the class “model” are: 
 

 Digester_Section_tvatt 
 Digester_Section_tvatt_inlet 
 Digester_Section_tvatt_outlet. 

 
The first component declaration is: 
 

 Interfaces.chip chip1. 

Interfaces is the package and chip is a class reference and chip1 is the 
component name.  

There are also a number of objects of the class ”connector” in model H5 
called interface.chip and interface.free_liquor. These two connectors are the 
interface between the class “model” objects and transfer the information be-
tween the objects. 

A connector holds information about flow rate, concentration of different 
components in a vector of size 9, temperature, pressure and density. There are 
two types of connectors in this example: one for the solid part of the flow 
called chip and one for the fluid part of the flow called free_liquor.  The con-
nections between the objects are specified under equation using the connect 
equation construct. As an example, the equations connect (Di-
gester_Section_tvatt2.upper, free_liquor1) and connect 
(Digester_Section_tvatt2.inlet_chip, chip1) determines that 
connector upper and chip1 on the object Digester_Section_tvatt2 are con-
nected to free_liquor1 and chip1 (see figure 2-1). In figure 2-3 we can see the 
textual code of the two different connectors chip (solid part) and free_liquor 
(fluid part).   
 

 
Figure 2-3. Textual representation of the 

connectors chip and free_liquor 



17 

Equation 2.1 shows an example of how to set up a mass balance equation and 
equation 2.2 shows a differential equation in Modelica code. The example 
shows one part of the mass balance equations for the wood chip part of the 
flow in the digester model. The differential equation defines the change of fast 
reacting lignin content in the solid part of the outgoing wood chip.  

out
l

in
l FF 0  (2.1) 

// Mass Balance 
  //   Chip Phase 
  0 = inlet_chip_volumetric_flowrate - outlet_chip_volumetric_flowrate; 

Differential equation exemplified in Modelica code. 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 =

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖∗𝐶𝐶𝑖𝑖𝑖𝑖−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜∗𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑜𝑜𝑖𝑖𝑜𝑜𝑖𝑖𝑅𝑅𝑅𝑅𝑜𝑜𝑅𝑅∗𝐶𝐶
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑑𝑑𝐹𝐹𝐼𝐼𝐼𝐼  (2.2) 

der(outlet_chip_concentration[Fast_reacting_lignin_reference]) 
    = (inlet_chip_volumetric_flowrate*inlet_chip_concentration[ 
    Fast_reacting_lignin_reference] - outlet_chip_volumetric_flowrate* 
    outlet_chip_concentration[Fast_reacting_lignin_reference] + 
    reaction_rate[Fast_reacting_lignin_reference])/chip_inventory; 

The differential equation above determines the delignification of the fast re-
acting lignin part of lignin content in the wood chip. The expression der(x) is 
the derivatives of x. 

2.2 Statistical methods 
 
Statistical process models are based on historical data or observations where 
the dependency between different parameters can be find. High standards are 
needed for data pre-processing in order to achieve a higher accuracy.  

The first step in the procedure of building statistical models from real his-
torical process data is to determine what the purpose of the model will be, 
what data points are available, the quality of the measurements, what will be 
the output of the model, and which variables will be the input. 

One of the strength of using statistical models is that no process knowledge 
is needed to create a model, but it is an advantage for selection of good data 
to develop the model. An initial examination of the data can be done by check-
ing the correlation between several input data points and the selected output 
points from the model to see which parameters have a greater influence on the 
output. When the selection of input and output data to the model is done, the 
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next step is to choose the method of selection to find a good dataset to create 
the model. The aim is to select the data set for the area where the model will 
work. One approach is to select equal amounts of data in each region. There-
after split up the dataset between training, validation during training and vali-
dation of the model. 

The advantage of statistical models is that you can fairly quickly build a 
model without being an expert in the specific process area. This type of mod-
eling is relatively quick to develop as long as you have a good data set. Some 
examples of statistical methods used for modeling in this thesis work are 
ANNs and MVDA. 

2.2.1 Neural networks 
Neural networks are a computer architecture with neurons, and a wide amount 
of links between them. In neural networks, the information is not stored in the 
individual process elements (neurons), but within the relations between them. 
A neural network self organizes information from provided data. They do not 
need to be pre-programmed for a specific task. Neural networks are considered 
particularly suitable for image recognition, language processing, treatment of 
imprecise information and pattern recognition. This is done by associating dif-
ferent pieces of information. Analog processing and neural networks seem to 
be extremely effective tools for modeling of evolving interactive systems such 
as climate, economic models, fluid flow and turbulence. Neural networks have 
their advantages when you do not know the exact solution or what physical 
relationship exists between the output and the process, or where heavy calcu-
lations are required and quick calculations are needed. 

Neural networks are used in many fields such as medicine, engineering, 
economics and research. Most neural networks used today are designed ac-
cording to the principle of a learning rule, nodes and an output. These nodes 
(neurons) are often arranged in layers with communication between all neu-
rons in adjacent layers. The example below shows a network including four 
layers. Input data consists of five input parameters. The input layer is only fed 
with the input signals and no calculations are made in this layer. The first hid-
den layer consists of five neurons and the second hidden layer four neurons. 
Each line between neurons in the network represents the weighting of the input 
before the equation in the neuron is calculated (see figure 2-4). 
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Figure 2-4. 5 input,5 hidden,4 hidden,1 output Neural network 

Figure 2-5 show the Artificial Neuron of McCulloch and Pitts (Iovine, 
1998). The neuron consists of a number of inputs(𝑋𝑋𝑛𝑛), the links represent 
weights(𝑊𝑊𝑛𝑛) , the summation, the threshold function (𝑓𝑓(𝑥𝑥))  and the out-
put(𝑌𝑌𝑡𝑡+1).  
 

 

In McCulloch’s and Pitts’ Artificial Neuron, the input variables are multiplied 
by a weighting factor to perform a summation (2.3). 
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Figure 2-5. The Artificial Neuron of McCulloch and Pitts 
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The result is checked in a step function(𝑥𝑥), called activation function of the 
neuron. If the value of the summation is more than the threshold value, the 
output value from the neuron becomes +1. If the value of the summation is 
less than the threshold, then the output is 0 (2.4).  

𝑓𝑓(𝑥𝑥) = {  1   IF  𝑥𝑥 ≥ 𝑤𝑤0
0   IF 𝑥𝑥 < 𝑤𝑤0

  (2.4) 

The threshold function can be performed as basic AND, OR and NOT Boolean 
operations. The neuron can also be used for continuous input and output val-
ues by using different threshold functions; such as a linear function (2.5), hy-
perbolic function (2.6) or the sigmoid function (2.7), where the sigmoid func-
tion returns a value between 0 and 1. 

𝑓𝑓(𝑥𝑥) = 𝑥𝑥   (2.5) 

𝑓𝑓(𝑥𝑥) =  𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝑥𝑥) = 𝑒𝑒𝑥𝑥−𝑒𝑒−𝑥𝑥

𝑒𝑒𝑥𝑥+𝑒𝑒−𝑥𝑥   (2.6) 

𝑓𝑓(𝑥𝑥) =  1
1+𝑒𝑒−𝑥𝑥   (2.7) 

2.2.2 Bayesian networks 
Bayesian networks takes its name from Thomas Bayes (1701-1761) and the 
Bayes theorem that he derived for conditional probabilities (Probabilities that 
depends on other variables). The following example shows how to apply 
Bayes theorem in a practice.  

If we assume that 50% of all birch based biomass fuel delivered to the 
power plant has a heating value greater than 3 MWh/ton. What is the proba-
bility that a fuel that has a heating value greater than 3 is birch? Based on the 
Bayesian theorem this knowledge can be formulated as the following: 

p(birch|>3MWh/ton) = p(>3MWh/ton|birch) p(birch) / p(>3MWh/ton), 

where the expression p(birch|>3) should be read as “The probability that the 
biofuel is composed of birch, given that the heating value is greater than 3 
MWh / ton. To demonstrate the use of Bayes theorem here is an example of a 
probability table for the biomass example: 
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Table 2-1. Biomass probability table. 

 Birch Other Sum 

>3 MWh/ton 5% 15% 20% 

<3 MWh/ton 5% 75% 80% 

Sum 10% 90% 100% 

Table 2-1 shows the probability that a randomly selected sample of fuel is 
birch and has a heating value greater than 3 MWh/ton. (Fabricated values) 

From the values in Table 2.1 the probability that the heating value is greater 
than 3 MWh/ton given that the biomass fuel comes from birch, p(>3|birch) = 
5/(5+5) = 50%. The probability that the fuel comes from birch, p(birch) = 10% 
and p(>3) = 20%. If we include these values in Bayes theorem above we can 
see that p(birch|>3) = 50 * 10 /20 = 25%. 

Bayesian networks are a system based on probabilistic models which can 
be presented graphically (see figure 2-6). Different variables may be presented 
in a graph with links, representing the correlation between them. Each variable 
is represented by a node in the graph. The node contains a probability table, 
where the state of the node depends on the probability of the parent node’s 
states. All nodes contain a number of specific states (see figure 2-7). 

 
Figure 2-6. Bayesian network presented graphically. 
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Figure 2-7. Probability table for node Wood Type and node 

Heating Value. 

2.2.3 Multivariate data analysis 
Multivariate data analysis (MVDA) involves the simultaneous analysis of 
more variables than just a few. The idea of the method is that several variables 
can more accurately describe what we are studying. Almost all the phenomena 
that we want to study or observe are dependent on several different factors. 
The challenge is to manage the correlation and interaction effects that often 
exist between the variables. 

There are several different types of multivariate modeling methods. Some 
examples of these are partial least square (PLS), multiple linear regression 
(MLR), principal component regression (PCR) and neural net (NN). PLS tech-
nology is based on the influence of several variables and their interaction be-
tween each other. The interaction between the different variables can be ex-
pressed simpler by a coordinate system based on principal component analysis 
(PCA). 

One principal component is a linear combination of the original variables. 
The principal components are estimated by using the least squares method to 
describe as much as possible of the variation in the data. On the basis of the 
principal components an approximate model is generated of the process, 
which can be used to study the importance of various process variables for 
various output parameters. PLS is often used to develop models from different 
types of spectral data, for example near-infrared spectroscopy (NIRS). There 
are several researchers and some commercial software that use this combina-
tion of spectral data over a range of frequencies for the determination of dif-
ferent characteristics of biomass (Everard et al., 2012, Labbe et al., 2008, Fa-
gan et al., 2011).  

2.2.4 Statistics for performance of models 
The statistical models used in this thesis are evaluated by the RMSE-values 
(root mean square error), which is a measurement of the average difference 
between predicted and measured response values using the following equation 
(2.8). 
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𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  √∑ (𝑦𝑦𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚− 𝑦𝑦𝑟𝑟𝑚𝑚𝑟𝑟𝑚𝑚𝑟𝑟𝑚𝑚𝑟𝑟𝑟𝑟𝑚𝑚)2𝑟𝑟
𝑖𝑖=1

𝑛𝑛  (2.8) 

Correlation coefficient (R2) is also used for evaluation of the models (2.9). 

𝑅𝑅2 = ∑(𝑥𝑥−�̅�𝑥)(𝑦𝑦−�̅�𝑦)
√∑(𝑥𝑥−�̅�𝑥)2 ∑(𝑦𝑦−�̅�𝑦)2  (2.9) 

2.2.5 Model Predictive Control 
In this thesis, we have chosen to use model-based Model Predictive Control 
(MPC) technology. The principle of this type of control is to use a process 
model in order to predict what will happen if the control parameters are chang-
ing. This in combination with criterion connected to control strategies with 
respects to the size of control deviations and control procedures. 

The control value is based on the forecast predictions and minimization of 
criterions and constraints. The constraints can be of the type that control val-
ues should be held in a certain range and the values of the process should be 
kept within specified limits. 

At the automatic control laboratory at ETH in Zurich, Manfred Morari and 
his group developed software for parameter optimization, computational ge-
ometry and model predictive control called MPT (Multi Parametric Toolbox), 
which is a Matlab-based toolbox and is freeware that can be download from 
the ETH webpage (Herceg et al., 2013). In our application this type of MPC 
is used and tuned towards a Modelica based simulator. The simulator has been 
tuned to the real process to verify that the dynamic behaviors are correct.   
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3 Dynamic Modeling of Industrial Processes 

This chapter presents the technical contributions during the thesis work con-
nected to the system structure for on-line applications in industrial processes 
presented in Figure 1-1.  

3.1 Contribution to engineering methods 
The purpose of the methodology has been to incorporate deep process 
knowledge into physical models, and then to use these physical models for 
different applications. The applications include: 

 building soft sensors to predict important variables quantitatively from 
what can be measured; 

 build diagnostic systems for measurement of sensor and process perfor-
mance for decision support; and 

 Model predictive control. 

The methodology also includes methods for parameter estimation to adapt the 
parameters in the physical models to varying conditions in time. As compari-
son and as a complement, statistical models have been used primarily to build 
soft sensors for on-line use. Soft sensors are then included as part of the phys-
ical models for the determination of qualitative indicators/measurements; oth-
erwise, only sophisticated off-line lab measurements are used. 

The used structure for the simulation system starts from measurements and 
signals from the distributed control system (DCS). Signals from the process 
database are transferred through OPC communication to Simulink, the simu-
lation with the Dymola process model runs and sends output signals back to 
Simulink. 

Dymola has been the main simulation tool during the research projects. The 
Dymola environment uses the Modelica open source language, which gives 
the possibility to use and adjust several existing process models. There are 
available libraries with models such as hydraulic, pneumatics, etc. The exist-
ing models can be adjusted to give the best fit for the simulated process.  
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3.1.1 Continuous digester model 
The model of the continuous digester is mainly based on chemical reactions, 
energy- and mass balances, but parts of the model are based on data from ex-
periments. Constants in different equations are experimentally determined. 
The aim of the model is to give us information about what is taking place 
inside the digester, which may be 50 meters high and 6 meters in diameter. 

In the center, there is a pipe from which liquid is introduced at different 
levels. At the outer periphery there are large screens through which liquid is 
taken out of the digester. At the bottom, where wash liquid is introduced, there 
are bottom scraper for assisting in out feed of the pulp produced. 

Liquid in the digester diffuses in and out of the wood chips, and lignin re-
acts with sulphides. Lignin is transferred from the wood chips into the liquid. 
The liquid and wood chips then flow through the digester. The digester model 
is built on the same principles as the Purdue model (Bhartiya, 2003). The di-
gester is discretised into a two dimensional array with a number of volume 
elements, which include both from top to bottom and outwards from the cen-
tre. Each volume element is of a specific size and the flow resistance between 
two volume elements is determined by the size of the open volume between 
the chips. The reaction rates, Ri, for dissolution of fast lignin, slow lignin and 
hemicelluloses are calculated by equation 3.1.  
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Here Ri is the reaction rate for each component, Ai is the Arrhenius constant 
for each component, ConstA is 43,7, ConstB is 16113, and T is the tempera-
ture. Z is the concentration of sodium hydroxide (SH) and sodium sulphide 
(SS) in the chips of one volume element compared to the concentration in the 
white liquor. The Arrhenius constants are the constants that are manipulated 
for each wood species. To calculate concentrations, extraction of lignin from 
the chips into white liquor and the mass transfer of white liquor into the chips, 
the simplified equation 3.2 is used. 

    T
fdcb eHSOHa

d
dL 


  (3.2) 
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dL/dτ is the dissolution rate of lignin per time unit. The rate is dependent on 
the concentration of hydroxide (OH) and temperature (T) is given by the Ar-
rhenius expression (Lindgren C T, 1997).  The constants a, b, c, d and f are 
specific for each wood type and are related to the geometric dimensions, re-
activity of the lignin and the diffusion rate into and out of the liquid, which is 
dependent on the density of the wood chip.  Values for these constants for 
particular wood types may be obtained from the literature or calculated from 
process data. 

The chemical consumption of hydroxide and hydrogen sulphide is calcu-
lated from the reaction rates (R) for fast and slow reacting lignin and for hem-
icelluloses and the stoichiometric coefficient (α) for liquid and for wood chip 
using equation 3.4. 

HShcececeligligOH IIIIOHCIIOHLI RRRRRRR  )()(
2121

 (3.4) 

The temperature, Tc, controls the reaction rate but is also used in the calcula-
tion for the diffusion rate, RD, in equation 3.5 where λm is the diffusion con-
stant. 

   (3.5) 

The diffusion rate is used to calculate the exchange between the chips and the 
entrapped liquor in the chips in the mass balance according to equation 3.6 
and the free liquor mass balance according to equation 3.7.  

out
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c FF 0   (3.6) 

out
l

in
l FF 0    (3.7)  

The parameters Fc
in and Fc

out represent the flow of chips in and out of the vol-
ume element respectively, while Fl is the corresponding liquid flow rate. When 
calculating the temperature, it is assumed to be the same for both balances 
(3.8). 
 

       
 (3.8) 

 

Here ρ is the density, cp is the heat capacity and T is the temperature. The 
subscripts l and c represent the liquid and the chip(s) respectively. 

el
RTout

cmD VeTR
out

c

4870


 

out
l

out
lp

out
l

out
l

out
c

out
cp

out
c

out
c

in
l

in
lp

in
l

in
l

in
c

in
cp

in
c

in
c

TcFTcF

TcFTcF







0



27 

The model can been tuned using the parameters in the equations found from 
process data for different operational conditions by measuring concentrations, 
temperatures and flows as a function of time. In this way, it is possible to build 
a good model showing how the process behaves during normal operation. For 
this purpose the model is set up for the types of wood normally used. 

3.1.2 Combustion model 
The model of the bubbling fluidized bed boiler is mainly built up by physical 
relations, such as dimensions and masses, energy- and mass balances, and 
chemical reactions. The model contains three different inventories. Each in-
ventory contains the mass for water-steam, air/flue gas and solids/bed mate-
rial. The purpose of the model is to be able to follow how changes in the pro-
cess affect the combustion. The model is mainly based on heat- and mass bal-
ances.  

The change in mass over time,
t
m

 , is given by equation 3.9: 
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Here inm  (i) is the flow in to a volume element for each component, i and outm
(i) is the corresponding flow out.  

The change in concentration for each component, i, is given by equation 
3.10: 
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Here 
t
ic


 ,  is the change in concentration for each component with respect to 

time, ic,  is the concentration for each component, i. im  is the mass flow to 

the inventory inventorym  and 
outkm ,  are the outflows from the inventory. 

The temperature in each inventory is given by equation 3.11: 
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Here ∆𝐻𝐻 is the energy released during combustion or other reactions, U is the 
heat transfer coefficient, A is the area of the heat exchanger, and Toutside is the 
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temperature on the other side of the heat exchanger tubes. The change of mass 
for each involved component is estimated by using mass balances. For exam-
ple carbon, C, are combusted to carbon dioxide, CO2. This gives the correla-
tion to describe the stoichiometric or theoretical combustion, given that the 
amount of carbon in the fuel decreases simultaneously as the CO2 increases in 
the flue gas. 

3.1.3 MPC control using dynamic process model 
This study was performed to investigate how to control the boiler bed temper-
ature in a more efficient way by utilizing information of the incoming biomass 
fuel.  

One purpose of this study has been to investigate how the installation of 
NIRS can be used to determine the moisture content of incoming biomass and 
how this affects the fluctuation in boiler bed temperature. Historical data of 
the bed temperature before and after the on-line information of incoming fuel 
has been available. The data is compared and analyzed. This will give the op-
portunity to mix wet biomass with dry biomass to get more homogeneous 
moisture content in the biomass fuel. The moisture content in biofuel is the 
single largest source of uncertainty when considering the heating value.  

A dynamic process model of a biomass fueled boiler was developed in 
Modelica and used to analyze the combustion process. The investigated boiler 
is a fluidized bubbling bed boiler. The quality of the biomass, especially the 
moisture content, has a large impact on the combustion and the efficiency of 
heat transfer in the boiler. The process model has been used to determine the 
effects of three different control variables on the boiler bed temperature: the 
amount of primary combustion air, recirculation of flue gas and water injec-
tion of the combustion air. 

3.1.4 Parameter identification and model adaptation 
One of the goals in this thesis has been to investigate methods to get infor-
mation of incoming biomass for conversion of biomass to either energy in 
power generation or pulp in the digesting process. One method has been tested 
in corporation with Tampere University of Technology to do “Parameter iden-
tification using optimization toolbox in Matlab connecting to Simulink with 
embedded process model built in Dymola” in a Short-Term Scientific Mission 
(STSM) project. During this study the continuous digester model was used 
and validation was done by using three different production cases. 

These three production cases were based on the residence time for the wood 
chips in the digester, and correspond to 6.0 h, 6.7 h and 7.5 h. The model has 
21 inputs taken from the DCS system and two outputs. The input includes the 
mass flow of the woodchips and information about the composition of wood 
chips by a vector of size 9. There is also a vector of size 9 explaining the 
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composition of the cooking liquor. These three models have five adjustable 
inputs and two outputs, all the other inputs are fixed with data from each case. 

The model parameters are all defined as relative ratios of respective com-
position of woodchips. The following parameters have been adjustable inputs 
to the model for this study: 

 
 lignin (rapidly dissolving component); 
 lignin (slowly dissolving component); 
 hemicelluloses; 
 cellulose; and 
 water in feed. 

The key parameters of the model are the reaction coefficients for dissolution 
of components in the woodchips. The model predicts the kappa number for 
the outflow of pulp, dissolved lignin in chemicals flow extraction and alkalin-
ity. The long term goal is to relate the NIR-spectra with either the reaction 
coefficients of the model or the relative ratios of components in feed wood. 
Such relationships would turn the NIR measurements into measurements for 
the wood composition.  

Then, with permanent NIR measurements, the model could be applied in 
e.g. diagnostics or feed forward MPC. Matlab has been used to develop a rou-
tine for identifying the parameters. The parameters in the model are the reac-
tion coefficients on component proportions, the others being fixed given a data 
set. The data used is averaged over a 2 hour time period and the dead time 
from input to output is compensated. The problem is formulated in equation 
3.12. 
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Here �̅�𝑥(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) is the model output variables, averaged over a two hour period 
and 𝑤𝑤𝑖𝑖 are the weighting coefficients. Parameter �̂�𝑝 is either contents of the 
wood properties or reaction coefficients. The evaluation of the objective func-
tion is given by simulating the model against some given �̂�𝑝. 

The used method for solving the optimization problem is divided into the 
following steps. 

The Modelica model of the continuous pulp digester is first embedded in 
Simulink. Thereafter the Simulink model is embedded in a Matlab function 
with an interface obj_value = digester(p, other_inputs). Functions in Matlab’s 
Optimization Toolbox are used to solve the parameter identification problem. 

NIR data is not used for the simulation in this semi-static parameter identi-
fication study, since the long term goal with this research is to relate the NIR 
spectra with either the reaction coefficients of the process model or the relative 
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ratios of components in feed wood. The type of material entering the system 
is identified by the NIR spectra measurements of incoming wood chips to de-
termine their chemical properties. 

From this, and from the operational conditions, the kappa number of the 
pulp leaving the digester and the yield can be predicted. The operations can 
be optimized and any problems in the process can be identified by following 
specific variables such as the chemical composition of the liquid in the extrac-
tion line and the kappa number of the pulp produced. This information can be 
used by the operators to increase both the production capacity and the quality 
of the pulp produced. The model can also be used to determine the best way 
to perform a fast grade change. 

This study has the intention to investigate one method for parameter iden-
tification, which uses three different software linked together to solve the pa-
rameter identification problem. The dynamic continuous digester model is de-
veloped in Dymola. This software offers a very convenient environment for 
modeling and simulation of integrated and complex systems. 

The graphical interface, DymolaBlock, is an extra feature in Dymola and 
is used to link the digester model in Dymola to Simulink. By using this inter-
face the digester model can very easily be linked to functions in Matlab’s Op-
timization Toolbox. 

The parameter identification problem is handled by using the optimization 
function, fmincon. Fmincon is a function that is suitable to find the minimum 
of one constrained nonlinear multivariable problem. 

In order to make the digester model in Dymola useful as a block in Sim-
ulink it is necessary to add external inputs to the Dymola block and external 
outputs from the Dymola block. These changes have to be done in the model 
while in Dymola, and it can either be accomplished by declaring variables as 
input or output in the top-level model or graphically by adding input and out-
put connectors. The continuous digester model has been improved to a pack-
age with five inputs and two outputs. Five inputs (blue triangles) to the model 
contain the composition of the incoming woodchips and the outputs (white 
triangles) are the Kappa number of the outgoing pulp and the effective alkali 
in the extraction (figure 3-1). Figure 3-2 shows the icon view of the dymola 
model with five inputs and two outputs. 
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Figure 3-1. Diagram view of the Dymola model with five inputs and 

two outputs. 

 
Figure 3-2. Icon view of the Dymola model with five 

inputs and two outputs. 
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The Dymola interface to Simulink can be found in Simulink's library browser 
as Dymola Block. The DymolaBlock represents the Modelica model (figure 
3-3).  
 

 
Figure 3-3. Dymola block in Simulink Library Browser. 

The Simulink model has five adjustable input parameters and two output pa-
rameters. The model contains one Dymola block, with the digester model from 
Dymola, five “From Workspace” blocks which read data values specified in 
an array from the Matlab workspace, and two “To Workspace” blocks that 
write output data to a specified array into Matlab’s workspace (figure 3-4). 
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Figure 3-4. Simulink model with Dymolablock with inputs 

and outputs. 

3.1.5 Integration of models in an on-line system 
The use of mathematical models for on-line applications in process industry 
becomes more common due to its significant potential for supervision, opti-
mization and early warning systems. The models have been included in DCS 
code at a very basic level. Therefore mathematical models may not be noticed, 
as the operators only see the interface on the process display. If a value relates 
to a single signal or is the result of a sophisticated calculation, it still looks the 
same at the display. 

There is a great opportunity to make use of mathematical models on a much 
wider basis, as the algorithms used today normally are relatively rudimentary. 
There is no reason to have a more sophisticated model then what is motivated 
by the accuracy of the measurements; often the sensors’ measurements are 
either noisy or unreliable due to fouling, drift, etc. The total system is based 
on real signals/measurements from the DCS system and connected through 
Matlab to Simulink and the model in Dymola. 

The interface between Dymola and Simulink is called the Dymola block 
and it converts the model in Dymola to an s-function model in Simulink. To 
setup the model for use in Simulink, the input and output signals that will be 
exchanged between the model in Dymola and the control system in Simulink 
have to be defined. 

The process models have been constructed to predict measured values from 
a normal stated process. The first step in the modeling process is to collect 
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physical data of the observed process – such as dimensions, materials, posi-
tions, inputs and outputs of different streams – and all the measured data tags 
that will be used as input or output variables to the simulation environment. 

The following example is from a project where a model of a bubbling flu-
idized bed boiler is used to better understand and control the boiler bed tem-
perature, which can directly be linked to the moisture content of the fuel. 

There are six different inputs to the model and two outputs. Two of the 
inputs, fuel flow and moisture content are connected to the fuel object where 
the general information about the composition of the biomass fuel is set. The 
composition of the fuel is represented by a nine-line vector. Figure 3-5 shows 
the icon view of the boiler model in Dymola. In figure 3-6 is the diagram view 
of the boiler model shown. 

 

 
Figure 3-5. Icon view of the boiler model in Dymola. 
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Figure 3-6. Diagram view of the boiler model in Dymola. 
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4 Results and discussion 

In this chapter the results from the included papers and discussions about the 
results are presented.  

The difficulties to develop accurate statistical models are discussed in pa-
per I, where an ANN is developed and used for predicting the content of ni-
trogen oxide (NOx) in exhaust gases. The model is developed on available 
process data to develop a “soft sensor” model. Process data has been used in 
the development of the models, which consists of 720 samples (hourly average 
values). The load varied between 40-80% during this period. The definition is 
that 750 tons / hour of steam represents 100% load. 

The models were validated against process data from a period where the 
load varied between 50-82%. Input variables to the model: 1) Coal flow 2) 
Feed water flow 3) Gas flow before SCR (catalytic reactor) 4) Air flow 5) 
Steam temperature after super heater. The output variable is the content of 
NOx in the flue gas after the boiler. 

 Four different models are compared with different pre-prepared data sets. 
Model no. 1 is built from all available data without any pre-preparation or 
removal of outliers. Model no. 2 is built from data where pre-preparation has 
been performed on the output-data. Model no. 3 is built on pre-prepared data 
on both in and output data. Model no. 4 is built from data where pre-prepara-
tion has been performed on the input data. Pre-preparation in this case means 
that outliers have been removed. 

The influence of the input variables on the prediction polynomial for each 
model is shown in table 4-1. 

Table 4-1. Impact values for input variables. 

 
Model Coal flow Feed wa-

ter flow 
Gas flow Air flow Steam 

temp after 
SH 

1 -11.4 -41.4 +2.0 +65.6 +2.7 
2 +7.6 -40.3 -13.0 +73.6 +2.4 
3 -16.8 -42.2 +11.2 +67.7 +3.9 
4 -44.2 -36.5 +23.1 +76.9 +2.7 

 
Here we can see that feed water flow and air flow are stable, while gas flow 
and coal flow are alternating between high positive and high negative values. 
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This shows that there is no positive contribution from the two variables, alt-
hough it could be expected from the high impact values. 

In table 4-2 the Root Mean Square Error (RMSE) for the test data (cross 
validation) and the validation data, respectively, the correlation coefficient 
and the faults are shown. Here we can see that data treatment has very little 
impact on the performance of the models because the accuracy for all the mod-
els is almost the same. 

Table 4-2. Root Mean Square Error (RMSE) for the models. 

 
Model Test set data 

 
Validation data 

 
RMSE Corre-

lation 
Coeffi-
cient 

Fault in 
% 

RMSE Correla-
tion 

Coeffi-
cient 

Fault in 
% 

1 14.2 0.87 5.0 40.2 0.62 12.4 
2 13.2 0.86 4.7 37.5 0.55 11.6 
3 13.3 0.83 4.7 36.7 0.57 11.4 
4 13.8 0.84 4.9 39.3 0.53 12.2 

Model 1, which was built on data without any pre-preparation, has a validation 
fault of 12.4%. Model 3, which had pre-preparation on both input and output 
data, has a validation fault of 11.4%.   

We also tested how the training time of the ANN affected the model accu-
racy, see Table 4-3. 

Table 4-3. Accuracy of the models depending on the training time. 

 
Training 

time 
Test set data Validation data 

RMSE Corre-
lation 

Coeffi-
cient 

Fault in 
% 

RMSE Correla-
tion 

Coeffi-
cient 

Fault in 
% 

5 min 12.5 0.88 4.4 38.9 0.63 12.0 
10 min 12.1 0.88 4.3 38.0 0.63 11.7 
30 min 12.3 0.89 4.4 32.1 0.66 9.9 
60 min 13.0 0.87 4.6 54.5 0.53 16.9 

Table 4-3 shows that overtraining will lead to poorer predictions. Too much 
noise is giving the same effect as real information. Table 4.4 shows the effect 
of having a different number of variables in the model. 
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Table 4-4. Accuracy of the models depending on the number of input 
variables. 

 
Num-
bers 

Of Vari-
ables 

Test set data Validation data 
RMSE Corre-

lation 
Coeffi-
cient 

Fault in 
% 

RMSE Correla-
tion 

Coeffi-
cient 

Fault in 
% 

2 16.6 0.81 5.9 38.9 0.53 11.1 
3 14.2 0.87 5.0 36.9 0.53 11.4 
5 13.2 0.86 4.7 37.5 0.55 11.6 

10 12.1 0.88 4.4 38.0 0.63 12.0 

Table 4-4 indicates that it is better to use only a couple of important variables 
instead of a larger number. This is under the assumption that the other varia-
bles have little influence on the NOx content. The example shows the difficulty 
of using statistical models without considering the process. It is very simple 
to get disturbing data or even noise built into a model, and it is actually quite 
difficult to detect if you rely upon the statistical presentations of the model 
accuracy without considerations. In all cases the models achieved the same 
statistical significance, although we could estimate them being very different 
in reality, when considering the real process physics. 

The modeling approach used for on-line purposes throughout this thesis is 
a combination of physical and statistical modeling. Basic physical principles 
are used to a limited extent and statistical data from the process is used to tune 
the models. The idea is to be more robust than a pure statistical model since 
basic physics are included, but still the complexity of the models is kept low 
to be fast enough for on-line purposes. 

The digester model is built on the same principle as the Purdue model 
(Bhartia et al., 2001). Unlike the Purdue model this model contains a pressure 
flow network. The digester is discretized into a number of volume elements 
from top to bottom. Each volume element is of a specific size and the flow 
resistance between two volume elements is determined by the size of the open 
volume between the chips. 

In paper I, the main focus is to validate the model according to the reaction 
of the chip column, primarily by investigating how the flow resistance is 
changing due to compaction as lignin is dissolved from the chips. In figure 4-
1 we can see how the flows of the cooking liquor behave in different levels 
inside the digester. Here the maximum flow rate is show by level 1. The flow 
is decreasing downwards in the digester, due to the compaction of chips inside 
the digester.  
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The compaction of the chip column affects the free space between the chips 
inside the digester and works as a flow resistance for the liquor. The compac-
tion depends on how much flakes the chips contain and how long the deligni-
fication has proceeded. 

From the beginning the delignification rate is high because of the high con-
centration of lignin in the chips and the high concentration of white liquor. 
After 2000 seconds the concentration of flakes is reduced. This gives an in-
creased space between the chips and thus lower flow resistance, implying an 
increased flow. After 4000 seconds the temperature inside the digester is in-
creased and the delignification is proceeding faster. This increases the com-
paction and the flows decrease. 
 

  

Figure 4-1. Simulated flow rate values inside the digester as function of time. 

In paper VII we are using the model to predict channeling in the continuous 
digester. Here we can see some results of the simulation. In figure 4-2 below 
we can see how the kappa number and the free alkali (EA) are affected by 
increasing the cooking temperature. Here we can see that EA responds faster 
than the kappa number. The kappa number relates to how fast the chip column 
is moving downwards through the digester and the free alkali is effected di-
rectly as the liquor has a short distance between the injection point and the 
screen.  

K
g/

s 

s 
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Figure 4-2. The effect of a temperature change (bottom) in the digester on 

kappa number (top) and residual free alkali in the extraction 
liquor (middle diagram). Results from simulation. 

In paper V and paper VII we discuss how to use information about the mois-
ture content in incoming biomass fuel to the combustion bed and how to use 
this information as a feed forward signal to the MPC controller. 

In paper II the importance of having information of the incoming wood is 
discussed and how to keep the model accurate by updating the reaction coef-
ficients in the model in relation to different wood qualities. A method is dis-
cussed how to handle parameters in the digester model for better prediction 
according to the variations of the composition of incoming wood chips. In 
figure 4-3 it is shown how four parameters vary in six different test cases of 
process data. Cases 1 to 3 are for hardwood production (birch wood) and cases 
4 to 6 for softwood production (pine wood). 
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Figure 4-3. Different sets of parameters for hardwood (Case 1-3) and 

softwood (Case 4-6). Fast lignin (FL), slow lignin (SL), stoi-
chiometry for hydroxyl ions (OH-), and hydro-gensulphide 
ions (HS-). 

The sets of parameters shown in figure 4-3 represent the normal variation of 
the composition of wood and are used for the simulation of the digester model 
for evaluation of the sensitivity. The results show that using a single fixed set 
of parameters results in a poor performance. The performance (difference be-
tween predicted and measured Kappa number) can be improved if the param-
eters are estimated for each individual case.  

Figure 4-4 shows measured and estimated Kappa numbers of pulp from the 
continuous digester at the Mill during a swing from hardwood to softwood, 
with parameters unchanged. During the first three hours the root mean square 
error (RMSE) is 2.56 and during the end of the case RMSE is 6.53. 
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Figure 4-4. Measured and estimated Kappa numbers of pulp from the 

continuous digester at the Mill during a swing from hard 
wood to soft wood, when the parameters are not changed. 

The composition of wood species affects reaction rates in the digester model, 
and is a key factor for determining the pulp quality. Variations in incoming 
wood properties cause poor performance in models using a constant set of 
reaction rates. 

In this work we have proven that it is possible to build physical models 
with a high degree of process knowledge included, yet possible to run on-line. 
This has been demonstrated for both pulp digesters and power boilers. It has 
also been shown how models can degenerate as a function of process and sen-
sor degeneration, but also how to adapt models to compensate for this. We 
have shown that it is possible to do parameter estimation by using process data 
in a systematic way. This is principally performed by tuning the models with 
new process data. The problem with varying quality of input data and how this 
affects the accuracy of the model is addressed.  

There have been many papers published addressing the accuracy of physi-
cal models in the pulp and paper industry (e.g., see Galicia et al., 2011, 
Wisnewski et al., 1997, Gustafson et al., 1983). What we have shown is that 
the need for accuracy depends on the application. If the purpose of the model 
is to do diagnostics, the absolute values in the comparison between the simu-
lation result and the measured values are less important than the difference 
between the two by time. This deviation is the input to the decision support 
system. Of course, it is nice to have absolutely correct data as well, but meas-
urements in e.g. a boiler will vary much over time and where in the boiler the 
measurement is made. The temperature may be 700 °C at the Wall, 900 °C a 
few decimeter in and 1100 °C at the center of the boiler. Where the thermo-
couple is fitted is therefore very important. By correlating measured values to 
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this temperature profile we can make better predictions, but by comparing ac-
tual measurements with predicted values from the input data on e.g. fuel qual-
ity (like moisture and Higher Heating Value) through the simulation, it is the 
deviation between the predictions and the measured values that is most im-
portant for diagnostics and decision support. This is also the case for e.g. 
model predictive control. 

Another important aspect of using simultaneous solvers together with phys-
ical models is that if we introduce measured values for fuel flow and the com-
position of air, feed water etc. into the boiler model we may predict tempera-
tures throughout the complete boiler, steam system and exhaust gas train. As 
we solve an equation system, we will simultaneously get a best fit of data, and 
sensor drift in one sensor will then be seen as the deviation between measured 
and predicted value, thus will deviate in a different way compared to other 
variables. In this way we can receive a data reconciliation, that is, predict a 
more probable true value. This is not possible if you only look at one variable 
separately.  

In paper VII it is discussed how to use a dynamic process model of a bub-
bling fluidized bed boiler for development of an MPC controller. The goal of 
this project was to stabilize the boiler bed temperature by using MPC control 
strategies. 

Before having access to real plant data the simulation model were used to 
get the response of different actions in the process. This is a great advantage 
when building up the knowledge about the dynamics in the process. In figure 
4-5 it is shown how the bed temperature is reacting by changing humidifica-
tion of the combustion air. The moisture content in the combustion air is in-
creased by 5 % compared to its original value and the temperature in the bed 
of the boiler is then dropping by ca 1.4 °C. The full impact of the change is 
seen after approximately 12 minutes. Figure 4.6 shows how the bed tempera-
ture changes when the exhaust gas recirculation flow is increased by 5 %. The 
bed temperature is dropping by approximately 22 °C. The full impact of the 
change is seen after 10 minutes. This shows that the exhaust gas recirculation 
is giving the strongest impact on the boiler bed temperature and is the primary 
control variable, while the humidification is used for fine control. 
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Figure 4-5. Increase of humidification of combustion air with 5%. 

 

 
Figure 4-6. Increase of recirculation flow of flue gas with 5%. 

The simulation model was tuned towards the real process to find all the dy-
namic behavior of the process. Thereafter the model of the fluidized bubbling 
bed boiler is used for development of an MPC controller for controlling the 
boiler bed temperature. The evaluation of the MPC control is shown in figure 
4-7. From the start only the exhaust gas recirculation is used for control. Start-
ing at time 14:13 the primary air is controlled between a set of upper and lower 
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limits, in relation to set point flow. Thereafter also the primary air was con-
trolled between given upper and lower limits in relation to the total gas flow 
through the bed. The total gas flow is the sum of the primary air flow and the 
exhaust gas recirculation gas flow. The results shows a smoother control. In 
the end of the period a variation in the air humidification is done.  

 

 
Figure 4-7. Evaluation of MPC controller. 

From the top: Violet curve position of humidification valve; 
dark green moisture content in exhaust gas; red curve total gas 
flow through the bed; blue curve is bed temperature; yellow- 
green set point for primary air; light blue set point for exhaust 
gas recirculation. 

In paper I the use of a simulation model for diagnostics is discussed. An ex-
ample of sensor diagnostics for five different flow meters is shown. In this 
case it is the deviation between the predicted and measured values of the five 
different flows used to detect abnormal operation of the sensors. In figure 4-8 
the deviation of the five different flows is shown and as long the deviation is 
stable and parallel with the x-axis the sensor status is assumed to be valid. 
When the line changes its direction, this indicates abnormal operation of the 
sensor, as for FL1 in figure 4-8.  
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Figure 4-8. Deviation between the model prediction and measured 

values for a number of related sensors (flow meters). 

Another example of using the same approach following the deviation between 
the predicted and the measured value for the moisture content in the exhaust 
gas of a boiler are discussed in paper VIII and paper IX. In figure 4-9 we 
can see a drift in the measured value compared to the predicted value. This 
indicates that the sensor may not been stable during the period. This detection 
can only be done if we are investigating for a long time trend and not just short 
term trends like minutes or hours.  

 
Figure 4-9. Deviation in exhaust gas moisture content between 

predicted (Modelica) and measured values during the 
period 26 November – 9 December 2007. 
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In paper V the use of a simulation model of the continuous digester for diag-
nostics is discussed. In this case the model is used for detecting clogging in 
the screen of the digester. A clogging in the lower heater screen is simulated 
in the following way. After one hour the open area of the screen has started to 
decrease (figure 4-10). This is done by decreasing the variable valve-opening 
in the valve model. The variable valve-opening represents a clogging effect 
on the open screen area. The open area of the screen is decreasing slowly dur-
ing five hours. After five hours, the open area has recovered to its original size 
simulating that back flushing has been used for cleaning the screen. The ex-
traction flow through the screen will also decrease and the free liquor flow 
rate inside the digester will increase, as can be seen in figure 4-11. The tem-
perature profile inside the digester will increase according to the change of the 
circulation flow (figure 4-12). The disturbance of the circulation flow will in 
the end have an effect on the quality of the pulp, seen as the kappa number in 
figure 4-13.  

Figure 4-10. Open area in screen 
as a function of time. 

Figure 4-11. Inside free liquor 
vertical flow inside the digester. 

Figure 4-12. Temperature profile in 
the digester as a function of time 
and screen clogging. 

Figure 4-13. Kappa number as a 
function of time and screen clogging. 
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Process diagnostics using simulation models are discussed in paper VII, 
Where channeling is detected by using information about how the kappa num-
ber and the residual alkali react as a function of change in the cooking tem-
perature in the digester. 

In figure 4-14 we can see how channeling can be predicted by comparing 
real measurements of residual alkali (NaOH) and dissolved lignin (DL) in the 
extraction line. The model is used to calculate what values could be expected 
for a given wood property under given conditions. In figure 4-14 we can see 
how the predicted value of NaOH in the extraction line is lower than the meas-
ured value. This indicates that the liquid has not been affected as predicted by 
contact with wood chips, and thus less has been consumed than expected. Due 
to channeling less lignin has been dissolved, and thus the dissolved lignin that 
is measured in the extraction line is lower than the predicted value.  

 

Figure 4-14. Concentration of NaOH (%) and dissolved lignin (%). 

In paper IV the on-line use of the digester model is discussed and one of the 
examples given is the detection of channeling in a digester. In this case we can 
see that the measured value of the temperature in the extraction flow starts to 
get higher than the predicted value which indicates that channeling has started 
(figure 4-14).  Also the deviation between measured and predicted value of 
residual alkali in the extraction flow has started to increase which also indi-
cates that channeling has started (figure 4-15). In the end of the pulping pro-
cess we can see how the deviation between the measured and predicted value 
of the Kappa number also indicates that there has been some disturbance in 
the digester during the pulping process (figure 4-16).  
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Figure 4-15. Temperature of the extraction flow during channelling. 
Yellow curve is measured value and violet curve is predicted 
value. 

 

 

Figure 4-16. Residual alkali in extraction flow during channelling. 
Yellow curve is measured value and violet curve is predicted 
value. 

 

Figure 4-17. The Kappa number during the channelling. 
Yellow curve is measured value and violet curve is predicted 
value. 
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A Bayesian network in combination with an indirect method for sensor diag-
nostics is discussed in paper VI. For this application the Bayesian network is 
used for sensor diagnostics. The aim has been to predict the oxygen content in 
the exhaust gas for determination of the moisture content in biomass fuel. The 
Bayesian network has been used in combination with an indirect method of 
determining the moisture content in biomass fuels. The Bayesian network has 
been used to manage the uncertainty in the measurements, which are input 
data to the moisture content determination. In figure 4-18 below are the results 
presented when varying the bias on one of the inputs, O2-transmitters. The 
signal diagnostics reduces the calculation fault, with a maximum of calcula-
tion fault of the moisture content in biomass fuels by ± 0,5%-units of signal 
fault.  

 

Figure 4-18. Varying bias on one of the oxygen signals. 

For the development of mathematical models, new development of statistical 
models or adaptation of physical models, it is of great importance to have a 
great distribution of data in a broad range where the model is aimed to have 
its prediction power. It is also important to decide the interval of the sampling 
to get proper information to the model. In figure 4-19 we can see how the data 
can have misleading information if the sample interval gap is too large be-
tween each sample to give the right picture. A linear regression model between 
the samples gives an R2 value 0,753, which seems like quiet a good prediction. 
But in reality, for this regression model, the validation of the data is only 
0,0379.  



51 

 

Figure 4-19. Sinusoid shape curve with sample pointed for 0, 100, 200 
and 300 degree Celsius. 

This example is given to describe the important of selecting the right number 
of samples and to select an accurate interval for the range of sampling. For 
illustration a sinusoid shape curve have been used. 

In diagram 4-19 we can see the full presentation of the sample distribution 
of the curve. The samples used for the regression model are chosen with the 
interval of 100 degrees Celsius with start in 0 degree. 

In the Figure 4-20 we can see the same data set used but only every twenty 
degrees are picked for the diagram and there for showing a different picture 
than the picture of the real dataset. There is also important to decide where to 
start the sampling to get as sufficient data set as needed. 

 

 

Figure 4-20. Sinusoid shape curve with sample interval of every 20 
degree Celsius. 
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5 Conclusions  

The main objective of this thesis has been to investigate how a system struc-
ture for on-line applications in industrial processes with use of different types 
of process models can be performed and find out how to use them and handle 
their advantages and disadvantages in different applications for the conversion 
of biomass. Different aspects have to be considered and different possibilities 
have to be explored in order to achieve this. In this study, there are a number 
of aspects that are needed to take into consideration. The suggested modeling 
approach should be sufficiently fast and robust to be used for on-line applica-
tions. The key parameters for diagnostics and control purposes must be iden-
tified. The needed level of accuracy and uncertainty for diagnostics and con-
trol purposes must be decided, and the knowledge about what level that can 
be expected must be acquired. To achieve a good prediction, the method for 
tuning needs to be decided on how to tune the models towards measured pro-
cess data. 

What type of modeling approaches are suitable for on-line applications 
in biomass conversion processes and how can they be verified?  

 Dynamic physical model adapted to real process data gives robust mathe-
matical process models. 

 Statistical models like ANNs is suitable for building soft-sensors, but get 
poor prediction power outside the range of data where it is trained. 

For on-line use of diagnostics, optimization, control and decision support to 
operators, the best choice is physical models in combination with statistical 
models, due to the calculation speed and the robustness which is one of the 
conclusions in paper I. Dynamic physical models adapted to real process data 
gives robust mathematical process models which has been shown in paper 
IV, Paper VIII and Paper IX. Pure statistical models can be used for a spe-
cific task and if the knowledge of the process is lacking. Statistical models are 
suitable for building soft-sensors, but get poor prediction power outside the 
range of data where it is trained. 

The variables included in the statistical model need to be varied in a sys-
tematic way for the whole operation range where the model is aimed to oper-
ate, which is normally not possible in real processes. In the future when the 
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computer capacity is greater a pure physical modeling approach can be used 
without the need of combinations with statistical models.  

Bayesian network can been used for signal diagnostics which has been 
proved in paper IV where moisture content is determined indirectly with sup-
port from a Bayesian network, which handles the uncertainty from signals 
used as input data to determine the moisture content in biomass. 

The modeling approach discussed in this thesis for different applications in 
the area of pulp and paper and heat and power is a combination of statistical 
and physical modeling. Modelica has been used for modelling a continuous 
pulp digester which is presented in paper I, paper II, paper IV, paper V and 
paper VII and for the boiler model in paper III, paper VII, paper VIII and 
paper IX. The conclusion in these projects are that Modelica is well suited 
for modeling complex industrial processes and for use in on-line applications.  

How can parameters in a model be determined and adjusted for on-line 
simulation?  

 Parameter identification for reaction coefficients according to different 
wood properties.  

 Run the model On-line in parallel with the real process and compare the 
results in a broad range of different operating conditions. 

For the dynamical physical models used in our studies, the parameters of the 
incoming biomass to the process are of importance to get a good prediction. 
Chemical and physical parameters related to different wood types and the dif-
ference in chemical and physical properties of the wood are the most important 
parameters used for tuning the model to fit the real process. Reaction coeffi-
cients, such as Arrhenius constants, that relates to the different properties of 
different wood types are used. Physical properties, such as porosity and den-
sity, are also important to fit the model to the real process.  

What kind of functionality, experience and knowledge can be transferred 
from one application to another industrial process application? 

 
 Principally the same methodology can be used for different process mod-

els, e. g. chemical reactions, mass-balances, energy balances etc.  
 The system setup for on-line simulation with connection to process data 

with OPC links through the database.  
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Paper IV shows how two different pulping processes. One single vessel Lo-
Solids digester and a single ITC vessel digester use principally the same basis 
for both applications.  

In Paper VII presents the same simulation concept for different applica-
tions and processes, bubbling bed combustors, circulating fluidized beds and 
pulp digesters. 

What level of model prediction power is needed for decision support, di-
agnostics and on-line control? 

 
 Simplified physical models can be used for the initial tuning of control-

lers.  
 The deviation between predicted values from the model and the measured 

values from the process over different period of time are very useful for 
decision support and diagnostics. 

For control purposes a simplified physical model such as the ones presented 
in paper VII, paper VIII and paper IX is useful for the development of the 
controller. The initial tuning of the controller can be made by running the MPC 
towards the simulator and use the response to develop the controller, instead 
of having to do a series of disturbances in the actual plant. A more sophisti-
cated model than the accuracy of the measurements is not needed. Sensor 
measurements often gives unreliable signals dependent on fouling, drift, etc. 
On the other hand, mathematical models can be used to improve the quality 
of measurements with signal diagnostics.  

For process and sensor diagnostics the use of the deviation between pre-
dicted values from the model and the measured values from the process over 
different period of time are very useful for different applications. The accuracy 
of the predicted values from the model in absolute values are dependent of the 
application, but we have shown that a simplified model can give approxi-
mately the same quality of the diagnostics made than a more sophisticated 
one. By correlating the different measurements to each other through physical 
relations and trending these by time, drift in sensors or instabilities in the pro-
cess performance can be seen with different uncertainties. 
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6 Future works 

 Develop a common platform for all the including components for the en-
tire modeling system for sensor diagnostics, process diagnostics, robust 
adaptive models, etc. 

 Develop a common framework to develop new measurement methods for 
the estimation of chemical properties of biomass using NIR.  

 More robust and faster way to connect signals from DCS systems to the 
simulation environment without using multiple types of software.  

If we get more sufficient methods to detect incoming material to both pulp 
digesters and to boilers for combustion, it will give more robust models with 
fewer uncertainties connected to the inhomogeneous material such as biomass. 
Try to link properties such as lignin content and reactivity together, and find 
this information in the NIR spectra. From the modeling point of view, finding 
more robust and faster ways to connect signals from DCS systems to the sim-
ulation environment without using several types of software between them is 
needed. 
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