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Driven by intense competition, increasing operational cost and strict environmental 
regulations, the modern process and energy industry needs to find the best possible way 
to adapt to maintain profitability. Optimization of control and operation of the industrial 
systems is essential to satisfy the contradicting objectives of improving product quality 
and process efficiency while reducing production cost and plant downtime. Use of op-
timization not only improves the control and monitoring of assets but also offers better 
coordination among different assets. Thus, it can lead to considerable savings in energy 
and resource consumption, and consequently offer a reduction in operational costs, by 
offering better control, diagnostics and decision support. This is one of the main driving 
forces behind developing new methods, tools and frameworks that can be integrated 
with the existing industrial automation platforms to benefit from optimal control and 
operation. The main focus of this dissertation is the use of different process models, soft 
sensors and optimization techniques to improve the control, diagnostics and decision
support for the process and energy industry. A generic architecture for an optimal con-
trol, diagnostics and decision support system, referred to here as a learning system, is 
proposed. The research is centred around an investigation of different components of the 
proposed learning system. Two very different case studies within the energy-intensive pulp 
and paper industry and the promising micro-combined heat and power (CHP) industry 
are selected to demonstrate the learning system. One of the main challenges in this 
research arises from the marked differences between the case studies in terms of size, 
functions, quantity and structure of the existing automation systems. Typically, only a few 
pulp digesters are found in a Kraft pulping mill, but there may be hundreds of units in a 
micro-CHP fleet. The main argument behind the selection of these two case studies is 
that if the proposed learning system architecture can be adapted for these significantly 
different cases, it can be adapted for many other process and energy industry cases.
Within the scope of this thesis, mathematical modelling, model adaptation, model 
predictive control and diagnostics methods are studied for continuous pulp digesters,
whereas mathematical modelling, model adaptation and diagnostics techniques are
explored for the micro-CHP fleet.
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Summary

Driven by intense competition, increasing operational cost and strict envi-
ronmental regulations, the modern process and energy industry needs to find
the best possible way to adapt to maintain profitability. Optimization of con-
trol and operation of the industrial systems is essential to satisfy the contra-
dicting objectives of improving product quality and process efficiency while
reducing production cost and plant downtime. Use of optimization not only
improves the control and monitoring of assets but also offers better coordi-
nation among different assets. Thus, it can lead to considerable savings in
energy and resource consumption, and consequently offer a reduction in oper-
ational costs, by offering better control, diagnostics and decision support. This
is one of the main driving forces behind developing new methods, tools and
frameworks that can be integrated with the existing industrial automation plat-
forms to benefit from optimal control and operation. The main focus of this
dissertation is the use of different process models, soft sensors and optimiza-
tion techniques to improve the control, diagnostics and decision support for
the process and energy industry. A generic architecture for an optimal con-
trol, diagnostics and decision support system, referred to here as a learning
system, is proposed. The research is centred around an investigation of dif-
ferent components of the proposed learning system. Two very different case
studies within the energy-intensive pulp and paper industry and the promising
micro-combined heat and power (CHP) industry are selected to demonstrate
the learning system. One of the main challenges in this research arises from
the marked differences between the case studies in terms of size, functions,
quantity and structure of the existing automation systems. Typically, only a
few pulp digesters are found in a Kraft pulping mill, but there may be hun-
dreds of units in a micro-CHP fleet. The main argument behind the selection
of these two case studies is that if the proposed learning system architecture
can be adapted for these significantly different cases, it can be adapted for
many other process and energy industry cases. Within the scope of this the-
sis, mathematical modelling, model adaptation, model predictive control and
diagnostics methods are studied for continuous pulp digesters, whereas math-
ematical modelling, model adaptation and diagnostics techniques are explored
for the micro-CHP fleet.
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Sammanfattning

På grund av den större konkurrensen, ökande driftskostnader och striktare
miljöföreskrifter, måste den moderna process- och energibranschen ta reda
på det bästa möjliga sättet att anpassa sig för att upprätthålla lönsamheten. I
ett försök att uppfylla målen att förbättra produktkvaliteten och processeffek-
tiviteten samtidigt som produktionskostnaderna och anläggningens drifttid re-
duceras är optimering av regleringen och driften av anläggningarna väsentlig.
Användning av optimering förbättrar inte bara regleringen och övervakningen
av anläggningarna utan även samordningen mellan de olika komponenterna.
Detta leder till omfattande besparingar i energi- och resursförbrukningen och
kan innebära en minskning av driftskostnaderna genom bättre styrning, di-
agnostik och beslutsstöd. Detta är en av de viktigaste drivkrafterna bakom
utvecklingen av nya metoder, verktyg och ramverk som kan integreras med de
befintliga industriella automationsplattformarna för att utnyttja fördelarna av
en optimal kontroll och drift. Fokus i denna avhandling är användningen av
olika processmodeller, mjuka sensorer och optimeringstekniker för att förbät-
tra styrning, diagnostik och beslutsstöd för process- och energibranschen. En
generisk arkitektur för optimal styrning, diagnostik och beslutssupportsystem,
som här kallas lärande system, föreslås i denna forskning. Olika komponen-
ter i det föreslagna lärande systemet undersöks i en betydande del av denna
forskning. Två olika fallstudier av energiintensiv massa- och pappersindustri
och mikrokraftverksindustri har valts för demonstrationen av det lärande sys-
temet. I denna forskning uppstår en av de viktigaste utmaningarna från det
faktum att de båda fallstudierna skiljer sig så pass mycket från varandra när
det gäller storlek, funktioner, kvantitet och struktur i det befintliga automatis-
eringssystemet. Vanligtvis finns det bara ett fåtal massakokare i ett pappers-
bruk, men det kan finnas hundratals enheter i en mikro-CHP-flotta. Huvudar-
gumentet bakom valet av dessa två fallstudier är att om den föreslagna inlärn-
ingssystemarkitekturen kan anpassas för dessa väsentligt olika fall kan den
anpassas för många andra energi- och processindustriella fall. Inom ramen för
denna avhandling studeras matematisk modellering, modellanpassning, mod-
ellprognoskontroll och diagnostikmetoder för kontinuerliga massakokare. Å
andra sidan undersöks matematisk modellering, modellanpassning och diag-
nostiktekniker för mikro-CHP-flottan.
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1. Introduction

This chapter presents the research background, research questions formulated
to fulfill the purpose of this research, the research framework, objective of the
dissertation and the contributions to knowledge. The relationship between the
research topics and the papers are also presented. The chapter ends with an
introduction of the thesis outline.

1.1 Background
Tackling climate change has become a global priority. In December 2015,
more than a hundred countries within the United Nations framework conven-
tion on climate change (UNFCCC) agreed to adopt the Paris Agreement, a
new legally binding framework for an internationally coordinated effort to in-
tercept climate change. The Agreement’s long-term aim is to hold the global
average temperature well below 2 °C above pre-industrial levels and to pursue
efforts to limit the temperature increase to 1.5 °C (UNFCCC, 2015). Concur-
rently, the European Union (EU) is leading the way by setting up a highly am-
bitious goal of reducing greenhouse gas (GHG) emissions by 80-95%, from
1990 levels, progressively up to 2050, to achieve the transformation towards a
low-carbon economy (European Commission, 2011). To achieve these aspira-
tional goals, an approach similar to Trias Energetica can be useful, i.e. one that
specifies a preferential sequence of actions to fight climate change (Brebbia,
2009). As depicted in Figure 1.1, the reduction of GHG emission needs a cu-
mulative push from all three directions, i.e. reducing energy demand through
energy saving and energy efficiency measures, increasing renewable energy
generation and using fossil fuels as efficiently and as cleanly as possible. It
is important to note here that the first arm of the triangle corresponds to the
demand side, whereas the second and third arms correspond to the supply side
of the energy system. The approach is closely aligned with the EU’s periodic
climate strategies and targets. For example, the EU’s newly revised 2030 cli-
mate and energy framework sets three key targets: to reduce GHG emissions
by 40%, increase energy efficiency by 32.5% and increase the share of renew-
ables by 32% by 2030 (European Parliament, 2018).

The Trias Energetica makes it clear that energy demand reduction has to
come first in the pursuit of climate change mitigation. In line with this ap-
proach, the Climate Action Network (CAN) Europe recently reported that
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Figure 1.1: Energy triangle approach to reduce GHG emission.

the European energy-intensive industries must take active measures to meet
short- and long-term GHG emission reduction goals. Energy-intensive indus-
tries (which mainly refers to pulp and paper, iron and steel, cement, chemi-
cal and petrochemical, refineries, ceramic, metal, non-metallic minerals, clay,
glass, etc.) alone consume 37% of the globally produced energy. In Europe,
they account for approximately 20% of the total GHG emissions (Richards
et al., 2018). As a result, there is a huge push from European policymakers
to reduce energy demand of the energy-intensive industries by adopting dif-
ferent energy-saving and efficiency-improvement measures. Being the fourth
largest industrial energy consumer in EU, the pulp and paper sector needs to
act accordingly to achieve the EU’s climate targets and ensure a successful
transition towards a low-carbon economy according to its technological and
economic potential (Moya & Pavel, 2018).

According to the Trias Energetica approach, increasing the share of renew-
able generation is the next most preferable action after the demand-reduction
measures. Finally, fossil fuels must be used as efficiently and as cleanly as pos-
sible to meet the remaining demand. Micro-combined heat and power (CHP)
plants have the potential to contribute to both the second and third arms of
the Trias Energetica depending on the type of fuel used, i.e. renewable fuels
(biomass, biogas or biofuels) or fossil fuels. Moreover, the mode of operation
of the micro-CHP units can assist the grid integration of intermittent renew-
able energy solutions. In Europe, buildings account for 40% of the total energy
consumption, and approximately 85% of this is accounted for by space heating
and hot water supply (ECOFYS, 2016). Interestingly, gas and oil boilers are
still the default heating solution in most European houses. Gas boilers alone
provide heat to two thirds of the houses in EU and 65% of these gas boil-
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ers are old and inefficient (Delta-ee, 2015; ECOFYS, 2016). Micro-CHP has
the potential to reduce GHG emissions by up to 38% compared with meeting
heating needs using an advanced condensing boiler and electricity from the
grid. The potential can be twice as high if a conventional boiler is considered
for the comparison instead of a condensing boiler (ETN & COGEN Europe,
2016). The micro gas turbine (MGT) is one of the major contenders among
different micro-CHP solutions for households and the small and medium en-
terprise (SME) sector.

Apart from the climate change mitigation, promoting innovation and dig-
itization in European industries is at the core ofthe EU’s renewed industrial
policy strategy that aims to make EU industry stronger and more competi-
tive by investing in smart, innovative and sustainable technologies (European
Commission, 2017b). Being at the forefront of digitization and automation in
high-tech industries, as of today, only a fifth of European companies are con-
sidered to be highly digitized (European Commission, 2017a). To maintain
its position as a global leader in manufacturing industries, the EU needs to
drive digital transformation to deliver growth and competitiveness for Euro-
pean industries. Consequently, the EU is promoting investment in technolog-
ical areas such as high-performance computing, high degree of automation,
plant-wide optimization, cloud computing, big data, artificial intelligence, in-
ternet of things (IoT), machine learning and industry 4.0. As a matter of fact,
the process of digitization no longer a local phenomenon, rather it is taking
place on a global scale. Greater customer reach, higher productivity and bet-
ter transparency due to digitization can offer higher profitability to modern
industries. However, the benefits are not yet evenly spread across all nations,
markets and industries.

1.2 Motivation
Due to intense price-based global competition, rising operating cost, rapidly
changing economic conditions and stringent environmental regulations, the
modern process and energy industry is confronting unprecedented challenges
to maintaining its profitability. Therefore, improving the product quality and
process efficiency while reducing the production cost and plant downtime are
of utmost importance. These objectives are somewhat conflicting, and to sat-
isfy them, optimal operation and control of the plant components are neces-
sary. Consequently, research in the area of process systems engineering (PSE),
which can offer the tools needed to obtain the best possible performance from
existing plants through optimal control and operations, is grabbing significant
attention.

Use of optimization in control and operations can not only improve coordi-
nation among different assets within a complex industrial plant, but can also
offer better management of a large fleet of distributed assets, thereby leading
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to enormous savings in energy and resource consumption, and consequently
offering reductions in operational costs, by enabling better control, diagnos-
tics and decision support (Palacín et al., 2018; Kwon et al., 2016). This is a
major driver for developing new methods and tools that can be integrated with
the existing industrial automation platforms to avail the benefits of optimiza-
tion in integrated control and operation. In order to get a structured view on
industrial automation and how optimization can leverage the gain from such
systems, a brief overview of the automation pyramid as presented in Figure 1.2
is beneficial (Hollender, 2010). The pyramid incorporates five technological
levels of the industrial environment that allow communication among differ-
ent technologies within each level as well as between the different levels.
The first level, or field level, consists of sensors and actuators that are used
to measure different process parameters such as flow, temperature, pressure
or concentration and to manipulate different process variables via different
mechanical, hydraulic, pneumatic, electrical or electronic devices. The next
level, or control level, comprises distributed control or logical devices such as
the programmable logic controller (PLC), distributed control system (DCS)
or proportional–integral–derivative (PID) controller. The supervisory control
and data acquisition (SCADA) system correspond to the third or supervisory
level. The fourth or planning level includes the manufacturing execution sys-
tems. At the top or management level, enterprise resource planning (ERP)
and supply chain management (SCM) systems are placed to establish plant
scheduling methods and material management features. However, to accom-
modate industrial internet of things (IIoT), the structure is becoming more of
a pillar than a pyramid; this enables enhanced communication beyond exist-
ing layer boundaries as well as cloud computing functionality. Irrespective of
its structure, optimization can bring benefits to all levels of the automation
hierarchy by providing solutions for process monitoring, coordinated process
control, integrated planning and scheduling of man, machine and materials
through better decision support.

Typically, the process components are designed to meet the operational ob-
jectives that are essential for the optimal and economic operation of the plant.
Nevertheless, in reality, the process variables encounter both arbitrary and sus-
tained deviation from their targets due to external disturbances, inherent vari-
ability and uncertainties. This is where the control system comes into play,
by actively manipulating the process to ensure stable operation of the plant
while keeping the product quality and specification within the target. Due to
their simplicity and robustness, more than 90% of all industrial control loops
are based on PID controllers. PIDs show superior performance as regulatory
control of uni-variate problems, i.e. in regulating flow, temperature, pressure,
level, and other variables. In principle, a PID evaluates the one-and-only pro-
cess variable, decide if it is acceptable or not, and takes corrective measures if
necessary. This scheme works well for control problems with only one vari-
able or with several variables that can be manipulated independently. Despite
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I. Field level

II. Control level

III. Supervisory level

IV. Planning level

V. Management level

Figure 1.2: Automation pyramid (Adapted from Hollender (2010)).

their widespread usage, PIDs have multiple drawbacks when it comes to su-
pervisory control of multivariate industrial processes with high levels of non-
linearity. Therefore, multivariate control techniques are particularly essential
for supervisory control, whereas PIDs can still be used for uni-variate regula-
tory controls under a supervisory control loop.

Apart from a robust control scheme, automated process diagnostics also
have an important role in ensuring the optimal operation of a plant. In par-
ticular, soft faults and slow deterioration of process components over time
reduce the nominal production capacity of a plant. It is often difficult to de-
tect such faults just by looking at the process variables, and they frequently
remain unnoticed until the problems become severe or lead to an unwanted
plant shutdown due to component breakdown. These faults and deterioration
can also affect the control system negatively and disturb the process stabil-
ity. In particular, advanced control concepts that depend on process models to
manoeuvre the plant are prone to slow deterioration. Hence, model adaptation
over time is essential to ensure optimal control of the plant.

An automated fault diagnostics system can be beneficial for a processing
or energy plant in numerous ways. Early detection of process, equipment or
component faults or deterioration can provide decision support for operators,
engineers and managers at different levels, i.e. DCS, computerized mainte-
nance management system (CMMS), manufacturing execution system (MES)
and ERP. As a result, the operation of the plant, along with maintenance, pro-
duction and inventory planning can be improved. For example, an early indi-
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cation of a developing fault can provide decision support by initiating one or
more suggested actions that the control system or plant operator can perform
to prevent the fault development. If prevention is not possible, then early de-
tection of such deterioration can provide an indication of the remaining useful
life (RUL) of the affected component that, in turn, can provide an indication
of when maintenance is needed. Once a maintenance action is planned, that
can initiate procurement of the required spare parts and adjustment of the pro-
duction plan if necessary. To achieve such cross-platform functionality, there
is a need for an integrated framework for optimal control, diagnostics and de-
cision support for the process and energy industry. The framework needs to
be generic enough to accommodate different systems with different levels of
complexity. This is also necessary to cover the broad range of systems that
can utilize such a framework, starting from single or multiple assets within a
plant to a large fleet of assets spread over a large geographical area.

1.3 Purpose and Research Questions
The core theme of this dissertation can be narrowed down to the utilization
of different process models, soft sensors and optimization techniques to
improve control, diagnostics and decision support for the process and energy
industry. Considering the background and the areas of interest, the purpose of
this dissertation is therefore:

To investigate methods, tools and frameworks suitable for devel-
oping a generic learning system for the process and energy industry.

The integrated system for optimal control, diagnostics and decision
support is referred to here as learning system. The developed framework must
be sufficiently generic to accommodate multiple functionalities that are essen-
tial for the implementation of such a learning system. Typically, the system
is placed at the supervisory level of the automation pyramid, but is also able
to provide decision support at higher levels. In order to fulfill this purpose,
there is a major focus on exploring different modelling techniques to obtain
desired functionalities (i.e. monitoring, control, diagnostics and decision
support) and testing schemes to integrate these functionalities. The purpose
is more specifically formulated in three research questions as presented below.

The first question is related to identifying different modelling as-
pects, including model adaptation, that can account for unit-to-unit variation
and reduce model–plant mismatch.

RQ1: What are the challenges in developing accurate adaptive models for
process and energy systems?
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The second question is related to investigating the effect of coupling soft sen-
sors and a model predictive controller.

RQ2: To what extent can the control of a complex industrial process be
improved by combining soft sensors and model predictive control
(MPC)?

Whereas the first and second research questions focus on modelling and con-
trol aspects, the third question aims at usage of different models for process
diagnostics that in turn can improve decision support.

RQ3: How to combine different physics-based and data-driven approaches
for fault diagnostics in order to improve decision support at different
levels i.e. DCS, CMMS, MES and ERP systems for operators, engi-
neers and managers?

The research questions presented here are formulated in a general manner,
targeting the broad field of the process and energy industry. However, the con-
clusions are drawn on the basis of selected case studies within the research
framework presented in Section 1.5. The research questions are discussed fur-
ther together with the conclusions in Section 5.

Furthermore, to satisfy these aims, the dissertation intends to contribute
in terms of providing methods for quantifying the benefits of implementing
different components of the learning system. Another intention is to increase
awareness of the respective process owners regarding the potential benefits of
optimal control, diagnostics and decision support.

1.4 Research Approach and Methodology
Broadly, research is defined as a systematic process of creating generalizable
knowledge by gathering information to answer questions that solve a problem
(Booth et al., 2008). The research disclosed in this dissertation can be better
categorized as applied research, which seeks to solve an immediate problem
faced by a society, organization or industry (Deb et al., 2019). Due to its mul-
tidisciplinary nature, the work incorporates features of both qualitative and
quantitative research approaches. The qualitative approach aims to identify
challenges related to developing adaptive models and proposing a methodol-
ogy to improve decision support. On the other hand, quantitative approach is
utilized to assess performance of the proposed control and diagnostic scheme.

To do research, it is necessary to select a methodology that offers a scheme
for integration of the different aspects of the study. The research process fol-
lowed in this dissertation is cyclic and iterative in nature and can be best de-
scribed by the stepped scheme suggested by Leedy & Ormrod (2015) as shown
in Figure 1.3.
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Figure 1.3: Overview of research process followed in this dissertation (Adapted from
Leedy & Ormrod (2015)).

Due to its applied nature, the problem that initiated this research comes
from industry, more specifically from the process and energy industry. To lay
the foundation of the research, a thorough literature review and gap analysis is
performed. The study is used to specifically framing the goals of this research
work. Subsequently, the principal problem is divided into manageable sub-
problems by formulating three research questions. The next step is the most
time-consuming step, in which different methods, tools and frameworks are
developed to address the problem. The data are then collected, organized and
analyzed. Finally, the data are interpreted to resolve the problem partially or
completely by answering the questions. This could lead to the emergence of
a new problem, which restarts the cycle or prompts feedback to the preceding
steps for readjustment.

1.5 Research Framework
The work presented in this dissertation is founded on the three previously pre-
sented research questions. In order to answer the research questions mainly
two case studies are studied; where pulp and paper case study represents
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the process industry and micro-CHP case study represents the energy indus-
try. The two case studies are vastly different from one-another in terms of
size, functions, quantity and structure of existing automation system. There
are only a few pulp digesters in a Kraft pulping mill, but a micro-CHP fleet
may consist of hundreds of MGT units. The main justification for selecting
these two very different case studies is that if the proposed solution is generic
enough to be adapted for these cases, it can be adapted for many other process
and energy industry cases.

Three major topics that guided this study are (1) process modelling,
(2) model predictive control, and (3) diagnostics and decision support. Each
of these topics provides inputs to the different research questions to various
degrees. The way in which the research questions and topics are linked to
the papers that are included in this dissertation is shown in Table 1.1 and
Figure 1.4.

Table 1.1: Relationship between the re-
search questions and papers.

Research question Article

RQ1 Paper I, III & IV
RQ2 Paper I, II & IV
RQ3 Paper II & III

Process 
modelling

Model 
predictive 
control

Diagnostics 
and decision 

support

Paper‐I 
& IV

Paper‐II

Paper‐III

Figure 1.4: Research topic coverage by each paper.

This dissertation is based on four scientific papers (Paper I-IV) that cov-
ers both pulp and paper and micro-CHP case studies. Paper I, II and IV are
related to the pulp and paper case study, whereas Paper III is related to the
micro-CHP case study. As a step towards answering research question RQ1,
Paper I presents a brief literature review on the advanced control and control-
related challenges of pulp digesters. On the basis of the identified literature
gap, an approach for feed-forward MPC (FFMPC) is proposed and the possi-
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bility of using the same framework for digester diagnostics is also highlighted.
The framework provides the foundation for answering research question RQ2.
In Paper II, a simple pulp digester model based on chemical kinetics and heat
and mass balance equations is developed and analyzed. To answer research
question RQ2, the developed model is used to test the feed-forward model
predictive control concept presented in Paper I. In an attempt to answer re-
search question RQ3, a Bayesian network (BN)-based diagnostics approach
for detecting faults related to the non-ideal behaviour of continuous pulp di-
gesters is proposed. In Paper IV, the pulp digester model is improved by con-
sidering more complex reaction, physical and heat-transfer phenomena, such
as fibre degradation, chip bed compaction and heat transfer due to diffusion
mass transfer. A model adaptation scheme is proposed by mapping different
digester constants and estimating a set of parameters. Parameter sensitivity
and digester controllability analyses are performed and used to systematically
select control and manipulated variable pairs. Finally, a FFMPC approach us-
ing near infra-red (NIR) spectroscopy-based lignin content measurement for
Kappa number control of a continuous pulp digester is tested and controller
performance is evaluated against current industrial control, decentralized PID
and MPC without feed-forwarding lignin measurement. Paper III presents
a multi-layer diagnostics approach using model-based and data-driven tech-
niques for monitoring a MGT-based micro-CHP fleet. This paper provides an-
swers to research question RQ1 and RQ3 by including model adaptation and
diagnostics aspects of a large MGT fleet. Figure 1.5 shows how the papers
relate to each other and the overall dissertation.

1.6 Contribution of this Thesis
The main contribution of this thesis can be summarized as follows:

• Identified challenges involved in the development of models, controllers,
diagnostics and decision support system for process and energy industry.

• Developed and tested a FFMPC scheme for pulp digesters with the help of
simulation studies. The performance of the FFMPC is analyzed in relation
to multiple control schemes, i.e. industrial and PID schemes.

• Proposed an architecture for the learning system (i.e. optimal control, diag-
nostics and decision support system) that is sufficiently generic to accom-
modate many process and energy industry applications ranging from only
a few large scale assets like pulp digesters to a large feet of assets like a
micro-CHP fleet.
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Figure 1.5: Overview of the dissertation and included papers.

1.7 Outline of the Thesis
The outline and structure of this thesis is as follows:

Chapter 1 Introduction

This chapter contains background and motivation behind this disserta-
tion followed by an introduction of the purpose and research questions,
research approach, research framework and contribution of the thesis.

Chapter 2 Frame of Reference

A comprehensive literature review in the area of process modelling, op-
timal control, diagnostics and decision support to disclose the state of
the art, particularly in pulp and paper and micro-CHP applications.

Chapter 3 Summary of Included Articles

A summary of the included papers is presented in this chapter. The
chapter also includes a description of how the papers relate to the re-
search questions.

Chapter 4 Results and Discussion

This chapter presents the results and discusses the outcomes of this
research in relation to the research questions.The results for the pulp
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and paper case study are presented first, followed by the results for the
micro-CHP case study.

Chapter 5 Conclusions

This chapter presents the overall conclusions of the thesis and answers
the research questions.

Chapter 6 Future Work

The thesis ends with a short discussion on possible future work related
to the research in the thesis.

The included articles are appended in the second part of the thesis.
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2. Frame of Reference

The chapter goes through some concepts and a comprehensive literature re-
view to provide the context for this dissertation. Each section and sub-section
of the chapter concludes by highlighting the relevant knowledge gap.

2.1 Generic Learning System for Process and Energy
Industry

In pursuit of higher productivity and better efficiency, industrial systems are
becoming more complex than ever before. Typically consisting of multiple in-
terconnected sub-systems, these systems have a higher degree of non-linearity
and stochastic dynamics. They are often equipped with several control loops
and have to operate under large, unpredictable disturbances and in a wide
range of operational conditions. Historically, human operators have performed
satisfactorily to operate these industrial systems. However, with the increased
complexity, operators often struggle to operate these systems optimally given
the increased number of observations and frequently conflicting constraints.
Hence, a supervisory system of a modern industrial plant needs to perform
various additional activities, such as model adaptation, control optimization,
diagnostics and decision support (Uraikul et al., 2007).

Traditionally, these functionalities have been developed separately, utilizing
different approaches and often with different model assumptions (Leitch &
Quek, 1992; Baldea & Harjunkoski, 2014). Due to this segregated approach,
the integration of different functionalities has been difficult and, consequently
often neglected. However, each of these activities are closely related to one-
another and cannot really be conducted individually isolated from each other.
For example, a fault in the system or a sensor failure can have a significant
impact on the control or model adaptation. Therefore, an integrated system
for optimal control, diagnostics and decision support — referred to here as
a learning system — in which all of these functionalities are incorporated to
enable optimal operation of the process is essential.

Over the years, extensive research effort has been devoted to exploring
different approaches for optimal control, diagnostics and decision support for
the process and energy industry (Knopf, 2012; Korbicz & Koscielny, 2010;
Yuan Li et al., 2005). In the area of optimal control, MPC is extensively
explored that account for multivariable aspects, interactions, constraints,
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and effects of disturbances on the plant operation (Edgar, 2004; Qin &
Badgwell, 2003; J. H. Lee, 2011). Except for a few cases, physics-based
modelling approaches have dominated the realm of MPC development
(Forbes et al., 2015; Xia & Zhang, 2016; Havlena & Findejs, 2005; Benne
et al., 2000). On the other hand, till now the diagnostics approaches that
have been most effective in practice have often been based on models that
were developed mostly from historical data (Chiang et al., 2001; Amin et
al., 2018). Partial least square (PLS), principal component analysis (PCA),
independent component analysis (ICA) and variants of these approaches are
the predominantly used data-driven techniques (Dunia et al., 2012; Kano et
al., 2001; Zhang & Zhang, 2010). Using these techniques is mostly beneficial
due to the fact that they only require historical data in normal operating
conditions; fault-related data is not required for a successful implementation.
More advanced data driven techniques such as artificial neural network
(ANN) and support vector machine (SVM) have also been investigated for
process diagnostics (Boger, 2002; Yin & Hou, 2016). However, fault-related
data needed to develop and validate such diagnostics methods are often not
directly available. Consequently, physics-based approaches have also been
widely investigated for industrial process diagnostics (Frank et al., 2000;
Ding, 2013). With this in mind, the practical utility of these approaches
is somewhat limited and very case-specific. Apart from that, none of the
data-driven or physics-based methods appear to be superior to the others.
Accordingly, a hybrid approach that combines different approaches to
minimize their weaknesses and maximize their strengths is gaining attention
(Lemma, 2018; Amin et al., 2018). Despite considerable progress, advanced
diagnostic approaches intended for industrial applications are still at the
pilot implementation stage and require further development to become
mainstream (Kościelny et al., 2009; Korbicz & Koscielny, 2010). Finally, a
handful of studies focus on industrial decision support systems that support
decision-making about processes or assets for people such as managers,
engineers and operators who make operational decisions (Jeong et al., 2007;
X. Yu et al., 2005; Halmschlager et al., 1991). Typically, such a system can
utilize the outcome of different optimization and diagnostic tools to provide
real-time guidance that either eliminates the fault or minimizes its effects, and
can also ultimately support maintenance planning and production scheduling.

In recognition of this potential, several EU projects are currently underway,
each investigating different methods, tools and platforms for enabling optimal
operation in the process and energy industry. The FUDIPO (FUture DIrec-
tions for Process industry Optimization) project is developing advanced sen-
sors, tools and a platform to integrate different machine learning and physics-
based functions into the process industry to provide improvements in energy
and resource efficiency (Rahman et al., 2017). Another example is the MON-
SOON (MOdel based control framework for Site-wide OptimizatioN of data-
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intensive processes) project, which is developing a big data analytics platform
to support exploitation of optimisation potentials by applying equipment and
plant-wide predictive control for aluminum and plastic industries (Sarnovsky
et al., 2018). In COCOP (Coordinating Optimization of COmplex Industrial
Processes), the aim is to design and implement a concept that merges existing
industrial control systems with new efficient data management and optimiza-
tion methods, and provide means to monitor and control copper-smelting and
steel manufacturing processes (Hästbacka et al., 2018). The DISIRE (Dis-
tributed In SItu Sensors into Raw material and Energy feedstock) project in-
troduces online sensing equipment for feedstock properties and integrated pro-
cess control for non-ferrous, ferrous, chemical and steel industries (Jurdziak
et al., 2016).

The survey of relevant literature reveals that previous research efforts have
made valuable contributions in developing different components of the learn-
ing system, namely optimal control, diagnostics and decision support for the
process and energy industry. However, there are very few studies that inves-
tigate how these highly interrelated functionalities can be integrated and im-
plemented together in the industry where the demand lies. Having said that,
there is increased interest in both academia and industry in developing such
systems.

2.2 Learning System for Kraft Pulping Mills
More than half of the globally produced pulp comes from Kraft pulping mills.
The production of wood pulp from wood chips mainly takes place in pulp
digesters. They are upright tubular vessels in which lignin is removed from
wood chips to free the wood fibers by means of a thermo–chemical conver-
sion process known as delignification. Due to the naturally varying feedstock,
significant residence time, inadequate measurements and complex nature of
the delignification process, controlling pulp quality at the digester outlet is
a challenging task. Moreover, due to the non-ideal flow behaviour in the di-
gester, soft faults often occur. These lower the pulp quality and production rate
considerably. All of these factors emphasize the need in the learning system
for the optimal operation and control of the digester. The following section
presents a review of relevant literature in the area of pulp digester modelling,
control and diagnostics. This will help to highlight both the state of the art and
the research gaps.

2.2.1 Modelling of Continuous Pulp Digesters
Pulp digester models can be broadly categorized into physics-based and data-
driven models. Physics-based models are based on mathematical equations
that explain the complex physical behaviour that occurs inside the digester.
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On the other hand, data-driven models are based on data or observations that
occurred in the past. These kind of models are also known as black–box mod-
els, as they relate inputs to outputs without revealing any knowledge of the
internal working principles. Most explored data-driven techniques used for
pulp digester modelling are regression, Box–Jenkins method, ANNs, cluster-
ing or other model-order-reducing methods (Halmevaara, 2009; Correia et al.,
2014; Dufour et al., 2005; Ahvenlampi & Kortela, 2005; Galicia et al., 2011).
Recently, Correia et al. (2018) compared different data-driven modelling tech-
niques based on their ability to predict Kappa number, and found that the
Box–Jenkins method provides the best accuracy, followed by regression and
ANNs.

Pulp digester models
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Artificial neural network
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Reaction kineticsPhysical phenomena

 Chip bed packing
 Diffusion
 Fluid dynamics

Steady state Dynamic
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Figure 2.1: Overview of pulp digester models.

Physics-based models can be further categorized into steady-state and dy-
namic models (Figure 2.1). A steady state-model is based on the assumption
that the system is in equilibrium, and is thus time-invariant. This type of model
is useful for system design but not for control applications. On the other hand,
a dynamic model accounts for the time-dependent changes in a system and
can therefore capture the transient behaviour of the system. Few researchers
have investigated steady-state models for pulp digesters (Fernandes & Cas-
tro, 2000), whereas a majority of researchers have concentrated their focus
on dynamic modelling. Some of these dynamic models are more focused on
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physical phenomena such as chip bed compaction, diffusion and detailed fluid
dynamics, whereas others are more focused on reaction kinetics of lignin dis-
solution, carbohydrate degradation and alkali reactions.

To date, three approaches have been widely used to model reaction kinetics
in a pulp digester; these are known as the Purdue, Gustafson and Andersson
models. The Purdue model was originally developed by Smith and Williams
at Purdue University in the 1970s (Smith & Williams, 1974). The Gustafson
model was developed by Gustafson at the University of Washington in the
1980s (Gustafson et al., 1983). Lastly, the Andersson model was developed
by Andersson at Karlstad University in 2003 (Andersson, 2003). The main
conceptual basis of these kinetic models is similar. They all are based on
the Arrhenius equation, which shows the effect of a change of temperature
on the reaction rate constant for different wood components. In contrast, the
main differences between the models arise from the number of wood compo-
nents that are considered (particularly lignin), assumption of consecutive or
parallel reactions, and the assumption about how the delignification reaction
takes place along the digester length. In the Purdue model, the wood sub-
stance is represented as five different components reacting in parallel. The
lignin is divided into three parts designated fast, slow and nonreactive lignin.
Using this method, acceptable results can be achieved at the end of the cook.
On the contrary, in the Gustafson, or three-stage model, the wood substance
is represented by two components that react consecutively. The delignifica-
tion reaction is modelled as three successive phases: initial, bulk and residual.
Finally, the Andersson model uses similar underlying kinetic expressions to
the Purdue model, including the assumption of parallel reactions. One of the
key assumptions that differs from the Purdue model is the three types of re-
active lignin used to model the delignification reaction inside the digester.
These modelling approaches have been followed and further developed by
many other researchers (Bhartiya et al., 2003; Kayihan et al., 2005; Rantanen,
2006; Grénman et al., 2010). A detailed literature review about pulp digester
modelling is presented in Paper IV.

Research on pulp digester modelling has drawn considerable attention from
the research community over the past few decades. Nevertheless, using such
models for online applications is still challenging due to the poor accuracy,
high development cost and complex adaptive schemes. The accuracy is of-
ten poor because the previous models only considered phenomena along the
length of the digester. Radial phenomena were often ignored as a simplifying
assumption. There is also a growing need to develop a generic library that
could be used to model different digesters with different dimensions, config-
urations and types.
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2.2.2 Control of Continuous Pulp Digesters
The quality of the paper products is highly dependent on the quality of the
supplied pulp. The quality of the pulp is characterized by the strength, vis-
cosity, yield and the Kappa number. This being said, the control of the Kappa
number at the digester outlet is the matter of utmost important. A consistent
blow-line Kappa number enables an optimized chemical consumption in the
downstream fibre line processes. Kappa number is the measure of residual
lignin in the produced pulp. Hence, the blow-line Kappa number is basically
dominated by the lignin content of the incoming wood chips and the intensity
of the delignification reaction inside the digester. The lignin content of the
incoming wood chips is usually almost impossible to control, and is a major
source of disturbance. Conversely, the intensity of the delignification reac-
tion is fairly easy to control by manipulating the cooking temperature and the
concentration of the cooking chemicals inside the digester. Apart from that,
minimizing the chemical consumption in the digester is also important from
a economic point of view. This can be done by minimizing rest alkali of the
black liquor at the extraction point.

Controlling the blow-line Kappa number is a challenging task. Mostly due
to the fact that all the main control manipulations are performed in the top
part of the digester, but the Kappa number is physically measured at the out-
let of the digester. The residence time between these points can be between
four to six hours, depending on the production rate. This literally means that
the instantaneous Kappa number measurement is a result of past process in-
put parameters that existed four to six hours earlier. Furthermore, blow-line
Kappa number is affected by a huge number of process variables. Due to the
complexity involved, continuous cooking requires multi-variable process con-
trol. MPC is widely considered to be a superior control strategy over classical
methods for multivariate process control.

Control of continuous pulp digesters has been widely studied by both aca-
demic and industrial researchers over the years. Initially, a handful of studies
were mostly focused on the control of chip level in continuous pulp digesters
(Dumont et al., 1984; Allison et al., 1990, 1991). Eventually, the focus shifted
to achieving maximum pulp production at a specific Kappa number with min-
imum chemical and energy consumption. Apart from MPCs, a wide variety
of control approaches, such as dynamic matrix control (DMC), reduced di-
mension control (RDC), Smith predictor and genetic algorithms (GA) have
been explored to accomplish these goals (Funkquist, 1994; Luay Al-Awami
et al., 1999; Clarke Pringle & MacGregor, 2000; Silva & Biscaia, 2003).
Due to its superiority, researchers have investigated different MPC concepts
for continuous pulp digesters. Some of the studies are focused on the lin-
ear MPC concept that tackles problems with linear constraints and dynamics
(Michaelsen et al., 1994; Wisnewski & Doyle, 1996; Amirthalingam & Lee,
1999). Both linearization of the physics based models and subspace identifi-
cation from the data are adopted. On the other hand, nonlinear MPC based
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on complex physics-based, ANN, multiple linear regression (MLR) and PLS
methods have also been studied (Doyle III & Kayihan, 1999; Doyle & Wis-
newski, 2000; Padhiyar et al., 2006; Padhiyar & Bhartiya, 2009). Interestingly,
the focus shifted from end-point Kappa number control to Kappa profile con-
trol along the way. Extensive literature reviews of different MPC concepts for
the continuous pulp digester can be found in Paper I and Paper IV.

The review of relevant literature reveals that research related to continuous
pulp digester control employing MPC has attracted considerable attention.
Kappa number variability at the blow line remains a major concern for Kraft
pulping mills. Incoming feedstock properties, particularly lignin and moisture
content, are identified as major sources of unmeasured disturbances that most
affect the blow-line Kappa number. How online measurement of major pro-
cess disturbances will affect the performance of the MPC is something that
remains mostly unexplored.

2.2.3 Diagnostics of Continuous Pulp Digesters
One of the major application areas for advanced supervisory systems is fault or
process diagnostics. Such a diagnostic system would be expected to assist the
operators in the case of process abnormalities and faults. Process abnormali-
ties or faults refer to unwanted situations when the process changes abruptly
or gradually. These situations can be better described as soft faults, since they
often do not result in instant shutdown of the plant. Rather, the quality of the
product and/or the production rate of the plant may be substantially degraded.
Thus, they can significantly affect the plant economics. Typically, soft faults
are almost impossible to detect only by looking at the process parameters.
Normal control actions under such faulty conditions may deteriorate the plant
operation and result in major shutdowns. Therefore, detection, isolation and
identification of such faulty conditions are necessary.

Most problematic soft faults that occur in a continuous pulp digester that
can have a major effect on the blow-line pulp quality and/or the produc-
tion rate are hang-ups, channelling and screen clogging (Jansson et al., 2003;
Pourian & Dahlquist, 2011). Often, these soft faults frequently occur due to
non-ideal flow behaviour in the digester. Over the years, diagnosis of the
different chemical processes have been studied in many articles (Gao et al.,
2015a,b). However, few previous studies have looked into fault diagnostics of
continuous pulp digesters. In an early study, Puranen proposed a disturbance
index to monitor the status of the chemical pulping process, which was cal-
culated by combining measurements, means and deviations using fuzzy logic
(Puranen, 1997). Doufour et al. (2001) evaluated three different data-driven
approaches to diagnose a pulp digester. A Gross error-detection approach for
sensor fault detection and two ANN approaches for the detection of product
quality related changes and feedstock composition changes were investigated
(Dufour, Bhartiya, English, et al., 2001). The third approach was further inves-
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tigated in Dufour, Bhartiya, Dhurjati, & Doyle III (2001). Due to the lack of
plant measurements, the ANN approach was developed and validated based
on data generated from a first-principles model of the pulp digester. A BN-
based root cause analysis method for pulp digesters was proposed and vali-
dated using a simulation model by Weidl & Dahlquist (2002). The proposed
model needed many inputs that were not directly available from pulp mills.
G. Lee et al. (2006) examined a hybrid fault diagnosis method based on a
combination of the signed directed graph (SDG) and the PLS. The result re-
veals that the method performs better if the time delays of the measurements
are also included as inputs. To reduce disturbances related to chip retention in
the digester, Correa et al. (2006) proposed a digester criticity index based on
different correlation tests and process measurements (Correia & Lana, 2006).
The index was intended to provide an estimation of the stability of the di-
gester as well as suggestions to the operator if corrective actions are required.
Another performance index-based method for digester monitoring and root
cause identification was examined by Tervaskanto et al. (2012). The authors
used seven performance indices — each corresponding to a sub-process in
the chemical pulping mill — that were developed based on process statistics
and physics-based models. Yli-Korpela et al. (2012) evaluated the digester
runnability problem by utilizing process performance indices and k-means
clustering to find failure pathways.

The literature search shows that statistical methods have so far been largely
preferred over physics-based approaches for pulp mill diagnostics. However,
in terms of accuracy level, none of the methods explored to date seems to be
superior to the others or mature enough for industry-wide application. One
of the possible ways forward to improve the performance of diagnostics sys-
tems could be by combining results from different physics-based and statisti-
cal methods. This has the potential to enhance the benefits as well as diminish
the drawbacks of different methods.

2.3 Learning System for Micro Gas Turbines
The market for gas turbine-based micro-CHP units is growing rapidly. In par-
ticular, utilization of commercial off-the-shelf (COTS) components is bring-
ing down the cost of ownership and maintenance, paving the way for mass
adoption of these units. However, to take full advantage of its potential, the
technology needs to overcome many challenges. In the context of an electric-
ity sector with a high share of intermittent renewable resources, MGTs need
to offer high reliability and availability to ensure security of the supply. Con-
sequently, there is an acute need for real-time condition monitoring systems
that are able to detect faults and performance degradation, and thus allow pre-
ventative maintenance of these units. Another aspect of the MGT market that
emphasizes the need for a real-time condition monitoring system is the own-
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ership structure of these small-scale units. Traditionally, gas turbine power
plants have been owned by utilities and heavy industries due to their large
capacity. Typically, these sophisticated plants are monitored and operated by
trained operators and service engineers. On the other hand, MGTs can also
be owned by private citizens, homeowners and SMEs, who may have limited
knowledge about their operation and maintenance. In these circumstances, a
real-time condition monitoring system is even more important, when the ser-
vice provider (i.e. technology provider, system installer or independent ser-
vice provider) is responsible for maintaining a large fleet of MGTs distributed
over a large geographical region. In such scenarios, the learning system needs
to provide functionalities that are necessary to enable remote monitoring and
condition-based maintenance of a large MGT fleet. To highlight the state of
the art and as well as the research gaps, a review of relevant literature about
model-based diagnostics of MGTs is presented below.

2.3.1 Model-Based Diagnostics of Micro Gas Turbines
In the past few decades, substantial research efforts have been devoted to the
field of modelling and simulation of MGT. A majority of this research has
been focused mainly on acquiring a thorough understanding of the engine
functions, overcoming scientific and engineering challenges, studying perfor-
mance with different fuels, optimizing component- and/or system-level per-
formance and analyzing integration potential to improve profitability (Barsali
et al., 2015; Invernizzi et al., 2007; Visser et al., 2011; Verstraete et al., 2010;
Rahman & Malmquist, 2016). Only a few of these studies have looked into
the very important topic of fault diagnostics of MGTs (Mahmood et al., 2017;
B. Yu et al., 2011). However, fault diagnostics of (aero and industrial) gas tur-
bines have been studied extensively in the literature (Y. G. Li, 2002; Volponi,
2014; Tahan et al., 2017; Stamatis, 2011). MGTs can be referred as a smaller
variant of gas turbines, with electric output ranging from a few kilowatts to
a few hundred kilowatts. In theory, the majority of gas turbine diagnostic ap-
proaches will also be applicable for MGTs.

The overall performance of gas turbines gradually reduces over time due
to degradation of its gas path components. Fouling, corrosion, hot corrosion,
erosion, abrasion, leakage and damage caused by foreign objects are some
of the mechanisms that are typically responsible for the degradation of these
components (Kurz et al., 2009). Whereas manufacturing tolerances, start-stop
cycles, inlet air quality, fuel quality and mechanical and thermal aging are
some of the factors that define the rate of degradation (Larsson, 2014). As a
consequence of such degradation, the output capacity and thermal efficiency
of gas turbines decreases, which results in reduced profitability and increased
emissions (Razak, 2007). Numerous approaches have been used over the years
for monitoring and fault diagnostics of gas turbines, including visual inspec-
tion, noise monitoring, vibration monitoring, oil analysis, borescope inspec-
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tion, X-ray checks, eddy current checks, debris monitoring, turbine exit spread
monitoring and performance-based analysis (Y. G. Li, 2002). Among them
performance-based diagnostic methods have been widely studied by the re-
search community over the years. The main benefit of performance-based
methods over the other methods is that no special instrumentation is needed
for implementation.

A variety of performance-based diagnostic approaches have been explored
for gas turbine health monitoring. These approaches can be broadly classi-
fied into model-based approaches (gas path analysis (GPA) (Stamatis, 2011),
GA (Y. G. Li et al., 2011) and least square estimations (Y. Li & Korakiantis,
2011)), data-driven approaches (ANN (Ogaji & Singh, 2003; Bettocchi et al.,
2007; Sina Tayarani-Bathaie & Khorasani, 2015), SVM (Zhou et al., 2015)
and stochastic data fusion (Cui et al., 2013; Lu et al., 2016)), knowledge-
based approaches (expert systems (Spina et al., 2002), BN (Romessis & Math-
ioudakis, 2004; Kestner et al., 2011) and fuzzy logic systems (Barbosa & Fer-
reira, 2012)).

Figure 2.2: Overview of performance-based diagnostics of gas turbines.

GPA is by far the most widely used method for gas turbine diagnostics.
GPA has the advantage over other methods in that it can provide quantita-
tive values of gas path component deterioration by using a thermodynamic
performance model of the engine. The underlying hypothesis of GPA is that
the performance deterioration of an engine can be linked to the performance
deterioration of its gas path components and the performance of these com-
ponents can be represented by a set of health parameters. Deterioration of the
engine components typically causes deviations in the performance parameters
such as efficiency and flow capacity among others, that in turn lead to devia-
tions in the gas path measurable parameters such as temperatures, pressures,
speeds and flow rates. GPA uses the gas path measurable parameters as in-
puts to compute the change in component health parameters. Broadly, GPA
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itself can be seen as a type of information fusion in which the measurable
parameters individually provide very little information compared with when
they are considered collectively to form signatures that can be correlated to
known fault categories (Volponi, 2014). An extensive literature review of the
gas GPA method is included in Paper III.

In summary, diagnostics of large-scale gas turbines is well studied in the lit-
erature, but diagnostics of MGTs is studied in only a few papers. Thus, MGT
technology is still in an early stage of development and there is a shortage
of operational data that are essential for data-driven diagnostics approaches.
Conversely, performance-based diagnostics of MGT by employing GPA also
poses several challenges. MGTs include only a few measurements of gas
path parameters to keep the cost of ownership down. Additionally, due to the
high production tolerances, engine components show wide variations in per-
formance that could lead to deviations in measured parameters, which may
be comparable to actual fault conditions. In such circumstances, none of the
physics-based or data-driven approaches for diagnostics of MGTs stand out
as better than the others. Hence, there is a need for investigation of various
hybrid approaches that combine the benefits of both physics-based and data-
driven methods.
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3. Summary of Included Articles

This chapter presents a summary of the appended papers by highlighting the
most important aspects of each paper. It also includes how the research ques-
tions are linked to each paper.

3.1 Paper I: An Approach for Feedforward Model Pre-
dictive Control for Pulp and Paper Applications:
Challenges and the Way Forward

Rahman, M., Avelin, A., Kyprianidis, K., and Dahlquist, E. (2017). An
Approach For Feedforward Model Predictive Control For Pulp and Paper
Applications: Challenges And The Way Forward. In Proceedings of the 10th
Annual TAPPI Conference on Paper Industry (PaperCon 2017), April 23–26
2017, Minneapolis Convention Center,Minneapolis, Minnesota, USA. TAPPI
Press. (Rahman et al., 2017)

This paper, presented at TAPPI PaperCon 2017, forms the foundation for
further research in the area of model-based predictive control in Kraft pulp-
ing mills. As a step towards answering research question RQ1, it presents a
survey of model-based predictive control of the Kraft pulping process, which
is followed by a discussion about associated control challenges. First, there is
a presentation of publication statistics in the area of interest. A limited key-
words search of "model predictive control" and "pulp and paper" revealed
that a majority of the published articles are focused on the control of paper-
making machines followed by pulping process. The articles were categorized
into six groups: pulping, paper-making, bleaching, chemical recovery, plant-
wide and others, where "others" jointly represents steam network, effluent
treatment plant, power plant and other areas. A recent increase in articles re-
lated to MPC for steam network and effluent treatment plants was also noted
(Figure 3.1). A further investigation revealed that majority of the articles that
investigated MPC for pulp digester control were based on empirical–linear
models. Additionally, blow-line Kappa number control was the most studied
topic in these cases (Figure 3.2).

The literature survey showed that measurement devices or sensors target-
ing pulp digester control are not well developed. Traditionally, reliable mea-
surement of process parameters that are important for pulp digester control
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words search of "model predictive control" and "pulp and paper" revealed
that a majority of the published articles are focused on the control of paper-
making machines followed by pulping process. The articles were categorized
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wide and others, where "others" jointly represents steam network, effluent
treatment plant, power plant and other areas. A recent increase in articles re-
lated to MPC for steam network and effluent treatment plants was also noted
(Figure 3.1). A further investigation revealed that majority of the articles that
investigated MPC for pulp digester control were based on empirical–linear
models. Additionally, blow-line Kappa number control was the most studied
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The literature survey showed that measurement devices or sensors target-
ing pulp digester control are not well developed. Traditionally, reliable mea-
surement of process parameters that are important for pulp digester control
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have been performed mostly by manual laboratory testing. Although advanced
measurement techniques for reliable and online measurement of important pa-
rameters are emerging, the majority of these sensors are not used for process
control. The survey emphasizes the need for integration between state of the
art measurement devices and advanced control techniques for tighter control
of blow-line Kappa number.

(a) (b)

Figure 3.1: Distribution of MPC related articles for pulp and paper application (a)
according to the predefined groups and (b) over the years (Paper I).

(a) (b)

Figure 3.2: Distribution of MPC related articles for pulp digester control according
to (a) the digester model type and (b) main controlled variable (inner circle shows
overlapped categories) (Paper I).

The second half of the paper proposes an FFMPC approach for pulp digester
control. There is a particular focus on the use of near-infrared spectroscopy-
based soft sensors coupled with dynamic process models to enable the pro-
posed approach. A conceptual framework of the FFMPC approach is pre-
sented along with a description of the individual components. The framework
provides the basis for answering research question RQ2.
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3.2 Paper II: Model-Based Control and Diagnostics
Strategies for a Continuous Pulp Digester.

Rahman, M., Avelin, A., Kyprianidis, K., Jansson, J., and Dahlquist, E.
(2018). Model based Control and Diagnostics strategies for a Continuous
Pulp Digester. In Proceedings of the 11th Annual TAPPI Conference on
Paper Industry (PaperCon 2018), April 15–18 2018, Charlotte Convention
Center, Charlotte, North Carolina, USA. TAPPIPress. (Rahman, Avelin, et
al., 2018)

The framework presented in Paper I is further developed and elaborated in
Paper II (Figure 3.3). To answer research question RQ2, Paper II presents a
physics-based dynamic model of the continuous pulp digester. To analyze the
performance of the developed model, the steady-state behaviour of the differ-
ent quantities (i.e. Kappa number, rest alkali, etc.) along the digester length
are obtained. Step changes in important parameters are also performed to an-
alyze the model sensitivity to different parameters. Additionally, the model is
calibrated and validated using the time-series data from an integrated pulp and
paper mill from Sweden. As a proof of concept, a simplified FFMPC is tested
and presented in this paper. The lignin content of the feedstock wood chips
is used as the measured disturbance. The lower heater circulation temperature
of the digester is selected as the manipulated variable and Kappa set point as
the measured output. As shown in Figure 3.4, the developed FFMPC is able to
keep the Kappa close to the set point by reducing the lower heater circulation
temperature.

In an effort to answer research question RQ3, this paper studies pulp di-
gester (soft) faults i.e. screen clogging, hang ups and channelling. A Bayesian
network-based diagnostics approach is proposed to detect these continuous
digester faults. It was also concluded that since fault related historical data
is often lacking, implementing the diagnostics strategy as a learning system
could ease adoption of such a system.

3.3 Paper III: Diagnostics-Oriented Modelling of Mi-
cro Gas Turbines for Fleet Monitoring and Mainte-
nance Optimization.

Rahman, M., Zaccaria, V., Zhao, X., and Kyprianidis, K. (2018).
Diagnostics-Oriented Modelling of Micro Gas Turbines for Fleet Monitoring
and Maintenance Optimization. Processes, Special Issue Modeling and
Simulation of Energy Systems, 6(11), 216. (Rahman, Zaccaria, et al., 2018)
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Figure 3.3: Framework for feed-forward MPC and diagnostics for continuous pulp
digester. (Paper II).

Figure 3.4: Measured output and manipulated variable response to step change in
measured disturbance (Paper II).

Paper III relates to the micro-CHP case study. It describes a multi-layer ap-
proach for monitoring and diagnostics of the MGT fleet. The paper is intended
to partially answer research questions RQ1 and RQ3. It begins by outlining the
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importance of an automated health monitoring system for MGTs and limita-
tions of both physics-based and data-driven approaches for developing such
a system. This is followed by a literature review on performance-based gas
path diagnostics. To answer research question RQ1, a physics-based model
of MGTs is developed using an in-house Fortran-based gas turbine modelling
tool called EnVironmental Assessment (EVA). A model tuning scheme is also
proposed to account for the unit-to-unit variation and to reduce model–plant
mismatch. Overall, the model offers acceptable accuracy after tuning when
compared with the performance test results of a commercial MGT unit (Fig-
ure 3.5).

Figure 3.5: Comparison between tuned model and performance test results at the
nominal and part-load operation (Paper III).

With the aim of answering question RQ3, a dual-layer diagnostics
approach for detecting the location and magnitude of different component
faults is investigated in this paper. The first layer is based on analysis by
synthesis (AnSyn), in which the performance deltas corresponding to each
component fault are calculated from real-time measurements by using the
adaptive MGT model. The second layer is a signature-based algorithm that
calculates fault signatures using the MGT model and compares them with
the simulated faulty engine data. Thereafter, correlation function and linear
regression are applied to identify the location and magnitude of the faults.

The diagnostics approach was verified by simulating several case studies
both for single and multiple faults. Additionally, sensitivity analyses were per-
formed to evaluate the robustness of the proposed approach against measure-
ment uncertainties. The result shows that even under measurement uncertain-
ties, the algorithm can detect almost all the implanted faults with acceptable
accuracy.
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3.4 Paper IV: An Approach for Feed-forward Model
Predictive Control of Continuous Pulp Digesters.

Rahman, M., Avelin, A., & Kyprianidis, K. (2019). An Approach for
Feedforward Model Predictive Control of Continuous Pulp Digesters.
Processes, Special Issue Modeling, Simulation and Control of Chemical
Processes, 7(9), 602. (Rahman et al., 2019)

The modelling and control approach that was proposed and developed in
Paper I and Paper II is implemented and validated in Paper IV. This paper
exclusively answers research questions RQ1 and RQ2. First and foremost, the
paper presents an extensive literature review and research gap analysis on the
modelling and predictive control of pulp digesters. The study emphasizes the
need to develop a generic pulp digester library that could be used for mod-
elling digesters with different dimensions, configurations and types. It also
identifies a research gap in the area of integrating emerging state-of-the-art
sensors to improve the performance of the predictive controllers.

Figure 3.6: Responses from different MPCs and PIDs under step change in Kappa
number set point (Paper IV).

With the purpose of answering research question RQ1, a detailed
physics-based model of the pulp digester is presented in the paper along with
a model-tuning procedure. Consequently, a FFMPC approach is developed
and compared against non-feed-forward MPC (NFFMPC), PID and current
industrial control strategies to answer research question RQ2. Overall, the
FFMPC approach provided a smoother response without major oscillations
despite the presence of high-frequency output noise (Figure 3.6).

Author’s contribution to the included articles:
The author contributed in the formulation of the concepts, developed all the
numerical models used for simulations, performed all the simulations and
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analyzed the results presented in Papers I–IV. The author also conducted the
relevant literature reviews reported in all the included articles, and drafted the
first and subsequent revisions of the manuscripts. The co-authors took part
in strengthening the concepts, and provided valuable inputs and suggestions
to improve the papers. All the work reported in the included articles was
conducted under the close supervision of the main and co-supervisors.

Mälardalen University Press Licentiate Theses 31

Chapter 3. Summary of Included Articles

analyzed the results presented in Papers I–IV. The author also conducted the
relevant literature reviews reported in all the included articles, and drafted the
first and subsequent revisions of the manuscripts. The co-authors took part
in strengthening the concepts, and provided valuable inputs and suggestions
to improve the papers. All the work reported in the included articles was
conducted under the close supervision of the main and co-supervisors.

Mälardalen University Press Licentiate Theses 31

53



54



4. Results and Discussion

This chapter presents the key results and discuss the outcomes of this research.
The chapter is organized as follows. The results for the pulp and paper case
study are presented first, followed by the results for the micro-CHP case study.

4.1 Generic Learning System for Process and Energy
Industry

To achieve higher productivity, product quality and process efficiency, a su-
pervisory system of a modern process and energy industrial plant needs to per-
form various activities such as outputs prediction, model adaptation, control
optimization, anomaly detection, diagnostics and decision support. In order to
enable the supervisory system to deliver these functionalities, a generic learn-
ing system architecture is developed in this study, which can be retrofitted
to the existing supervisory system of an industrial plant. The architecture is
very flexible and modular, so that relevant functionalities can be selected for
a particular case study on a plug and play basis.
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Figure 4.1: Learning system architecture for process and energy Industry.

As shown in Figure 4.1, the learning system utilizes the sensor
measurements from the existing plant. A plant typically has many sensors
to measure important process parameters such as temperatures, flow rates,
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pressures, chemical strengths, levels, rotation speeds, currents, voltages and
powers. These sensors are usually connected to a data acquisition system
(DAS), which can be a separate system or part of the DCS. In both cases,
the sensor readings are written or saved to the data historian. Additionally,
the architecture allows integration of state-of-the-art sensors for measuring
feedstock properties that lie at the centre of the feed-forward control
approach proposed in this research. The advanced sensors for measuring the
key process variables and key performance indicators (KPIs) related to the
product quality can also be integrated into the learning system. The grey
region in Figure 4.1 represents the learning system that can be implemented
either via a web-based solution or running locally on a computer. The
measurements from the plant data historian are collected and different
data-filtering techniques are performed to remove outliers. Trend analyses
are carried out on the data to track the patterns of different parameters.
Both physics-based and data-driven models are used to predict important
output variables. Control optimization techniques such as MPCs are used
to control important process variables. Different anomaly-detection and
process-diagnostics techniques founded on physics-based and data-driven
approaches are applied to detect process abnormalities and faults. Finally,
outcomes from all these tools are fed to a decision support system (DSS), in
which the information fusion technique is applied to provide robust decision
support. The architecture also allows connection with a human–machine
interface (HMI) for visualization and further analysis.

4.2 Learning System for Kraft Pulping Mills
This section present the results and solutions for the problem of the pulp and
paper case study. As identified in the literature review, monitoring and control
of the continuous pulp digester is one of the most critical problems faced by
Kraft pulping mills, and needs further research. To tackle this issue, the inte-
grated learning system architecture has been adapted for the pulp and paper
case study (Figure 4.2). Individual components of this architecture have been
developed and tested in this research.

4.2.1 Continuous Pulp Digester Model
A modelling library for the pulp digester was developed in Modelica language
(Modelica Association, 2019). It was built as a generic library so that digesters
with different dimensions, configurations and types can be modelled by link-
ing different components together. To do so, a generalized continuous stirred-
tank reactor (CSTR) segment was created with mathematical equations that
act as the building blocks of the pulp digester model. Additional components
such as mixtures, heat exchangers and connectors were also created. All the
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Figure 4.2: Learning system architecture for Kraft pulping mills.

digester zones, i.e. impregnation, heating, cooking, extraction and washing
zones, were created by joining CSTRs in series. Ultimately, each of the zones,
mixtures and heat exchangers were connected together to form the complete
digester model (Figure 4.3). The digester model is based on the first principles
of fundamental mass, energy and momentum balances. The model considers
all of the important physico-chemical phenomena that are relevant to digester
operations, such as chip bed compaction, diffusion between entrapped and
free liquor, reaction between solid and liquor components, and relative veloc-
ity differences between chip column and free liquor. Detailed descriptions of
the pulp digester mathematical model are presented in Paper II and IV.

The most established way to represent the Kraft pulping process is to model
the reaction kinetics that essentially form the mathematical foundation for the
entire digester model. In reaction kinetics modelling, the wood components
dissolution rates are expressed as first-order ordinary differential equations,

dXs,i

dt
= (K1[OH−]+K2[OH−]0.5[HS−]0.5)(Xs,i−X∞

s,i), (4.1)

where Xs,i and X∞
s,i represent the concentration of instantaneous and unre-

acted components in the solid phase of produced pulp. The solid phase is as-
sumed to consist of five components: fast-reacting lignin, slow-reacting lignin,
cellulose, araboxylan and galactoglucomannan, each denoted by the value of
i from 1 to 5, sequentially. The concentrations of hydroxyl and hydro-sulfide
ions are represented by OH− and HS− respectively. The reaction rate con-
stants K1 and K2 are temperature-dependent and are expressed according to
the Arrhenius equation,

Kn = Anexp(
−En

RTc
), (4.2)

Mälardalen University Press Licentiate Theses 35

Chapter 4. Results and Discussion

1

Trend 
analysis

Decision Support System (DSS)

Physics ‐Based Model

MPC 
Optimizer

Data Historian

Hu
m
an

 M
ac
hi
ne

 In
te
rfa

ce

Data‐Driven 
Anomaly 
Detection

Data‐Driven 
Diagnostics

DCS/DAS Plant Sensors

Multivariate 
models 

Physics‐Based 
Diagnostics

Local Database

NIR 
Sensor

Wood chips

Data Assurance

Data‐Driven 
Model

Figure 4.2: Learning system architecture for Kraft pulping mills.

digester zones, i.e. impregnation, heating, cooking, extraction and washing
zones, were created by joining CSTRs in series. Ultimately, each of the zones,
mixtures and heat exchangers were connected together to form the complete
digester model (Figure 4.3). The digester model is based on the first principles
of fundamental mass, energy and momentum balances. The model considers
all of the important physico-chemical phenomena that are relevant to digester
operations, such as chip bed compaction, diffusion between entrapped and
free liquor, reaction between solid and liquor components, and relative veloc-
ity differences between chip column and free liquor. Detailed descriptions of
the pulp digester mathematical model are presented in Paper II and IV.

The most established way to represent the Kraft pulping process is to model
the reaction kinetics that essentially form the mathematical foundation for the
entire digester model. In reaction kinetics modelling, the wood components
dissolution rates are expressed as first-order ordinary differential equations,

dXs,i

dt
= (K1[OH−]+K2[OH−]0.5[HS−]0.5)(Xs,i−X∞

s,i), (4.1)

where Xs,i and X∞
s,i represent the concentration of instantaneous and unre-

acted components in the solid phase of produced pulp. The solid phase is as-
sumed to consist of five components: fast-reacting lignin, slow-reacting lignin,
cellulose, araboxylan and galactoglucomannan, each denoted by the value of
i from 1 to 5, sequentially. The concentrations of hydroxyl and hydro-sulfide
ions are represented by OH− and HS− respectively. The reaction rate con-
stants K1 and K2 are temperature-dependent and are expressed according to
the Arrhenius equation,

Kn = Anexp(
−En

RTc
), (4.2)

Mälardalen University Press Licentiate Theses 35

57



Towards a learning system for process and energy industry

where Tc, An, R and En are the chip temperature, pre-exponential factors,
universal gas constant and activation energies of the reaction, respectively. The
values of the pre-exponential factors and activation energies for both softwood
and hardwood are well documented in Wisnewski et al. (1997).

Figure 4.3: Object-oriented model of pulp digester in Modelica.

The model inputs and outputs are listed in Table 4.1. Blow-line Kappa num-
ber and extraction liquor rest alkali (RA) are two important output variables
that need to be controlled. The Kappa number is related to the pulp quality and
the RA is related to the chemical consumption, and hence the economics of
the plant. The Kappa number measurement is available from both the online
analyzer and laboratory measurement in the pulp mill under consideration.
However, for modelling purposes, the Kappa number is calculated using the
following equation

κ = ΘLK
(Xs,1 +Xs,2)

∑
5
i=1 Xs,i

, (4.3)

where ΘLK is the empirical regression coefficient that relates the Kappa
number to the lignin fraction of the produced pulp. Kappa number shows lin-
ear correlation with both lignin fraction of the pulp and the hexenuronic acids
that form in the xylan during Kraft cooking. However, authors following the
Purdue approach were able to neglect the contribution from hexenuronic acids
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by regressing laboratory pulping data, and used a value of 653.595 for ΘLK for
softwoods (Wisnewski et al., 1997; Kayihan et al., 2005).

By using the model, it is possible to estimate Kappa numbers at different
positions in the digester; this can also be used as a soft sensor. Moreover, the
yield at the blow line was defined as the ratio between the amount of wood
solid components at the blow line and the amount of wood solid components
at the digester inlet.

γ =
∑

5
i=1 Xs,i(blow line)

∑
5
i=1 Xs,i(digester inlet)

, (4.4)

In order to tune the pulp digester model, the digester constants were care-
fully mapped and a set of parameters was estimated in this research. The di-
mensions of a commercial digester were acquired from the digester drawings
and piping and instrumentation diagram (P&ID), and were used in the model.
A set of three parameters corresponding to reaction rates i.e. stoichiometric
coefficients for effective alkali (EA) and hydro-sulfide (HS) consumption and
the reaction-rate multiplier were selected for the parameter estimation task.
Predefined ranges for each of the selected parameters were considered so that
the physical meanings of these parameters were not violated. To estimate these
parameters, three model outputs that are highly linked to the reaction rates, i.e.
blow-line Kappa number, yield and RA of extraction liquor were used that re-
sulted in a set of tuned parameters.

To assess the performance of the digester model, the steady-state response
of the tuned digester model was studied in detail. For this study, sensor mea-
surements corresponding to nominal operation of the digester were used as
model inputs. The development of important process variables along the di-
gester length were analyzed. As shown in Figure 4.4(a), the Kappa number
decreases only slightly in the impregnation zone, due to the lower tempera-
ture (Figure 4.4(b)) and because the penetration of the fresh liquor just started
in the top part of the digester (Figure 4.4(c) and (d)). As the temperature in-
creases in the heating and cooking zone, the Kappa number decreases rapidly.
The Kappa number stops decreasing further in the washing zone as the reac-
tion is quenched by cooler and diluted washing liquor. The temperature profile
along the digester length is presented in Figure 4.4(b). The temperature in-
creases in the heating zone as a result of the heat addition by the re-circulation
heaters. The temperature increases in the cooking zone due to the heat of
delignification reaction. The trends of the temperature change are in line with
the trends reported in the literature (Kayihan et al., 1996).
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Chapter 4. Results and Discussion

(a) Kappa number (b) Temperature

(c) EA (d) HS

(e) Chip porosity (f) Free-liquor volume fraction

(g) Chip velocity (h) Free-liquor velocity

Figure 4.4: Spatial development of major process variables in the direction of chip
flow (simulated).
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The change in EA and HS are shown in Figure 4.4(c) and (d), where the
solid and dotted lines represent the entrapped liquor and free liquor, respec-
tively. In both cases, the EA and HS curves for the entrapped and free liquor
meet each other in the impregnation zone as the cooking liquor penetrates
into the chip, and decrease quickly in the cooking zone as both are consumed
during the reactions. The variation of chip porosity and free liquor volume
fraction are presented in Figure 4.4(e) and (f), respectively. The chip poros-
ity increases from the digester top to the bottom, where it is constant. The
increase in chip porosity is caused by the gradual increase of void inside the
chips due to the chemical reactions. Conversely, the free liquor volume frac-
tion decreases from the top of the digester to the bottom due to the progressive
compaction of the chip bed along the digester length. This happens mostly due
to gravity and delignification. The chips become softer during the cooking as
delignification occurs. As a result, the chips change their shape, but not their
volume. For almost all the cases in the washing zone, the gradient of changes
are significantly smaller in comparison to cooking zone. This happens due to
the reduced or quenched delignification caused by the cold and diluted wash
liquors. The chip and free-liquor velocity profiles are shown in Figure 4.4(g)
and (h). The chip velocity decreases from the digester top to the bottom as
a result of the higher degree of compaction towards the bottom. The liquor
velocity remains steady in the impregnation zone.

Two sudden bumps of liquor velocity in the heating zone correspond to the
two heating circulations. The liquor velocity increases slightly in the cooking
zone due to the increasing chip bed compaction and decreasing chip velocity.
However, the liquor velocity profile in the cooking zone is mainly subject to
the controlled extraction flow. In order to obtain substantial diffusion between
entrapped liquor and free liquor, it is important that liquor velocity is lower
than the chip velocity during impregnation to the cooking zone. The negative
liquor velocity in the washing zone reflects the opposing directions of liquor
flow and chip flow. This results in a discontinuity at the extraction zone. The
sudden bump at the end of the digester represents the wash liquor heating the
re-circulation flow.

With the aim of validating the pulp digester model, simulations were car-
ried out in which real measurements from a commercial pulp digester were
used as the model inputs. For validation purposes, it is always preferable to
avoid abrupt changes in process variables and maintain the production rate
close to the nominal value. However, due to operational practicalities this was
not possible. Simulations were performed with two weeks of operational data
with one-minute instantaneous values, 15 minutes of instantaneous values and
15-minute average values. However, the results did not vary significantly be-
tween one-minute instantaneous values and 15-minute average values. Hence,
two weeks of digester operational data with 15 minutes sampling frequency
were used. To remove outliers, the data were filtered for not-a-number (NAN),
unrealistic negative, out-of-range and missing values. The simulated Kappa
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number of produced pulp, residual alkali of the extraction liquor and tempera-
ture of the free liquor before the re-circulation heat exchangers are compared
with the actual plant measurements in Figures 4.5 to 4.8 chronologically.
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Figure 4.5: Comparison between actual and predicted Kappa number (Paper IV).
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Figure 4.6: Comparison between actual and predicted RA (Paper IV).
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Figure 4.7: Comparison between actual and predicted temperature before upper re-
circulation heat exchanger (Paper IV).

0 50 100 150 200 250 300 350

Time (hours)

0.95

0.96

0.97

0.98

0.99

1

1.01

N
or

m
al

iz
ed

 T
-I

nL
ow

er
H

ea
te

r

Normalized T-InLowerHeater (Actual)
Normalized T-InLowerHeater (Predicted)

Figure 4.8: Comparison between actual and predicted temperature before lower re-
circulation heat exchanger (Paper IV).

Table 4.2: Modelling error of the physical model.

SE MAE RMSE

Kappa number -0.0907 3.6513 5.0998

RA 0.1364 0.6459 0.7963

Temperature before
upper heater (◦C)

0.8576 0.2141 1.1284

Temperature before
lower heater (◦C)

0.3263 0.0481 0.4232
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For the quantification of modelling error, standard error (SE), mean abso-
lute error (MAE) and root mean squared error (RMSE) are calculated and
reported in Table 4.2. As shown in Figures 4.5 and 4.6, the modelling error
for Kappa number and RA is mostly between 0 to 5%, with the exception of
a few peaks. The modelling error for temperatures is less than 2% for a ma-
jority of the time (Figures 4.7 and 4.8). Some of the model–plant mismatches
could be due to the data filtering. Further mismatches could be due to pro-
cess faults (such as clogged screen, channelling or hang-ups), which cannot
be validated presently due to a lack of fault-related data. There may also be
some mismatches due to shortcomings of the model. Given the complexity of
the pulping process, the level of accuracy of the model in capturing trends and
deviations is satisfactory for simulation and control purposes.

With the aim of evaluating the dynamic performance of the developed di-
gester model, a series of sensitivity analyses was performed in the form of
step tests on the model around the nominal operating point of the digester.
The change in blow-line Kappa number for these step tests was tracked. Over-
all, the response of the blow-line Kappa number to any step change can be
characterized by an initial delay followed by a long rise or fall time, as shown
in Figure 4.9. The initial delay is associated with the retention time of the pulp
digester, and the gradual rise or fall time is associated with the slow transient
response that reflects the slow nature of the thermo-chemical delignification
process. Figure 4.9(a) and (b) presents the effect of the wood chip lignin and
moisture content variation on Kappa number. Interestingly, the variation in
lignin content shows a faster response and a small overshoot compared with
the moisture content. Moreover, the effect of lignin content variation on Kappa
number seems much higher than that of the moisture content. This may be
misleading, as the normal range for the magnitude of the lignin and moisture
content variation are not known for this particular pulp mill. It is worth not-
ing that the step change in moisture content shows non-minimum-phase zero
behaviour, meaning that a change in the input parameter causes the output to
initially move in the opposite direction before moving back in the right di-
rection. Feedback controls such as PIDs usually have difficulty in controlling
non-minimum phase systems. As shown in Figure 4.9(c), (d) and (e), unlike
sulfidity, both flow rate and EA of the white-liquor have a large influence on
the blow-line Kappa number. In addition, both also show higher degrees of
non-linearity compared with white-liquor sulfidity and wood chip properties.
The non-linearity is even more noticeable in the case of lower heater temper-
ature variation, as shown in Figure 4.9(f). In practice, only the lower heater
temperature temperature is manipulated, while the upper heater is kept con-
stant. Therefore, the sensitivity of Kappa number to upper heater temperature
has not been included in this chapter. However, this is examined in Paper IV,
which shows that lower heater temperature has a larger impact on the blow-
line Kappa number than the upper heater temperature.
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(a) Chips lignin content (b) Chips moisture content

(c) White-liquor flow rate (d) White-liquor EA

(e) White-liquor sulfidity (f) Lower heater temperature

Figure 4.9: Sensitivity of blow-line Kappa number against variation of important
model inputs.

4.2.2 Control of Continuous Pulp Digesters
With the aim of tackling the control problems associated with continuous pulp
digesters, a scheme for FFMPC is proposed in agreement with the literature
gap identified in Section 2.2.2. As illustrated in Figure 4.10, there is a partic-
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ular focus on the use of near-infrared spectroscopy-based lignin soft sensors
coupled with dynamic process models as an enabler for FFMPC.

Figure 4.10: Scheme for feed-forward MPC of continuous pulp digesters.

The NIR spectroscopic measurement technique is used to measure the
lignin content. Multivariate linear regression models are typically developed
for this purpose that relate NIR spectroscopic measurements with the
properties of interest. The theoretical background and experimental validation
of such an NIR soft sensor for wood chip lignin content measurement can be
found in previous literature (Skvaril et al., 2016; Nkansah et al., 2010). By
measuring and feed-forwarding one of the major process disturbances, in this
case lignin content, the MPC can manoeuvre the digester to meet control
set points. In this case, a state-space model identified from the physical
model is used to develop the FFMPC. The state-space model uses lignin
content and eight other measured disturbances to predict the Kappa number.
By comparing the predicted Kappa number with the reference set point,
future error is calculated. The optimizer uses the future error to calculate the
optimum set-point trajectory. However, only the first full set of manipulated
variables are sent to the DCS. These manipulated variables are assigned as
instantaneous set points for the lower-level controls.

In this research, the numerical subspace state-space system identification
(N4SID) algorithm in MATLAB's System Identification Toolbox is used to
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identify a state-space model in the following form:

xt+1 = Axt +But +Kdt , (4.5)

yt =Cxt +Dut +dt , (4.6)

where x is the state variable vector, u is the input vector, y is the output
vector and d is the disturbance vector. A, B, C and D are state-space matrices
and K is the disturbance matrix. D is fixed to zero by default, which assumes
that at least one delay exists between the input and the output.

By using the full physical model, ten sets of simulated data with one-minute
sampling rate were generated. The first nine sets of data were used for model
identification and the tenth set was used for validation of the linearized model.
The process inputs, i.e. disturbances and manipulated variables, were changed
as random steps within the allowable limits and the process outputs, i.e. Kappa
number and RA, were simulated using the validated physical model. Accord-
ing to results presented in Paper IV, the identified state-space model follows
the physical model sufficiently closely for an MPC to be developed around it.

Subsequently, the definition of the optimization problem was formulated. It
consists of an objective function, also known as a cost function, and multiple
constraints as depicted below:

min f (u) =
p

∑
i=1

(y(u)− yset)
TW (y(u)− yset)+

c−1

∑
i=0

dui
T Sidui, (4.7)

subject to constraints:

umin < u < umax ∀i [0,c−1], (4.8)

∆umin < ∆u < ∆umax ∀i [0,c−1], (4.9)

where y(u) is the vector for actual measured outputs at the different time
steps over the prediction horizon of p samples and yset is the vector for output
set points for the same time steps. W and Si are the weight functions used to
increase the importance of specific variables at a given instant. In this mini-
mization, a sequence of manipulated variables u is calculated over a control
horizon with m samples.

With the aim of assessing the effectiveness of the proposed MPC scheme,
the performance of the FFMPC was compared against a NFFMPC and cur-
rent industrial scheme of an operational pulp digester with manual control
based on the operators experience. MATLAB's MPC Designer toolbox was
used for the simulation trials presented here. For NFFMPC, eight of the most
influential input variables, excluding the lignin content, were selected as mea-
sured disturbances. In FFMPC, along with these input variables, lignin content
was added as a measured disturbance. In both cases, the Kappa number and
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RA were chosen as measured and unmeasured outputs, respectively, while
lower heater temperature was used as the manipulated variable. The upper
heater temperature was kept constant following industrial standards. Multi-
ple simulations were performed with different MPC parameters, i.e. sampling
time, prediction horizon, control horizon and weights, in order to examine
their effect on the performance of the MPC. Extensive tuning on a trial-and-
error basis was conducted to select the MPC parameters used in this work. No
significant performance improvement was observed with further alteration of
these parameters. For both FFMPC and NFFMPC, the prediction horizon and
control horizon were chosen to be 60 sampling periods and three sampling
periods, respectively. The sampling time was set at 15 minutes for all cases.

For the presented simulation trials, similar to the actual practice, the ref-
erence signal for the blow-line Kappa number was assumed to be constant.
Measurements from actual digester operation were used to capture the pro-
cess disturbances that usually occur during the operation of a digester. Since
the lignin content measurements were not available directly, a repeated sinu-
soidal variation in lignin content of ±10% over 12 hours was assumed. Band-
limited white noise was also added on top of the sinusoidal noise. By doing
so, it was possible to obtain a realistic measurement variation and noise for
lignin content, as presented in Paper I. The validated physical model was used
to represent the actual digester that was connected to the MPCs. To evaluate
the robustness of the MPCs and mimic the actual industrial conditions, nor-
mally distributed white noise was added to the model output Kappa number
before feeding it back to the MPCs.
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Figure 4.11: Comparison of output response for different control schemes (Paper IV).
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According to Figure 4.11, the simulated responses from both the MPC
approaches show that the controllers can follow the desired Kappa number
set points closely without major deviations. There are some minor deviations
characterized by sudden changes in wood chip flow rates. However, overall,
the FFMPC provided better control in terms of rejecting disturbances and min-
imization of the deviation between controlled variable and the set point. The
response from NFFMPC is characterized by a sinusoidal oscillation that is
contributed by the lignin content variation of the wood chips. The manipu-
lated variable or controller effort for both the MPCs as shown in Figure 4.12
indicates that the controllers can achieve the control objectives without vio-
lating the constraints. Moreover, the gap between MPC and manual control
curves explain the ineffectiveness of manual control only based on the opera-
tors’ experience for Kappa number control.

0 50 100 150

Time (hours)

0.97

0.98

0.99

1

1.01

1.02

1.03

1.04

N
or

m
al

iz
ed

 L
ow

er
 H

ea
t E

xc
ha

ng
er

 T
em

pe
ra

tu
re

(b)

FFMPC
NFFMPC
Manual control
Maximum limit

Figure 4.12: Comparison of controller effort for different control schemes (Paper IV).

In Paper IV, the performance of the MPCs was also compared with PID
control schemes. The study concluded that due to the multivariate nature of
the delignification process and the poor robustness against noise, the PID con-
trollers are not adequate for controlling the end-point Kappa number.

Table 4.3: Average output (Kappa number) error for different control schemes.

FFMPC NFFMPC Manual control

Average output error 0.1271 0.3804 6.1899

To quantify the performance of each control scheme, the average output
errors are summarized in Table 4.3. In terms of the average output error, the
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performance of FFMPC is superior to its alternatives. The average values of
output error for FFMPC and NFFMPC were 0.1271 and 0.3804 Kappa num-
ber, respectively; these are much smaller than the current industrial control
scheme. The simulation results indicate that both FFMPC and NFFMPC struc-
tures provide better tracking performance compared with the current industrial
control of a continuous pulp digester. The FFMPC displays superior perfor-
mance to the NFFMPC by making use of additional information about the
properties of the incoming wood chips.

4.2.3 Diagnostics of Continuous Pulp Digesters
The main purpose of the digester diagnostics is the detection of process ab-
normalities while providing effective troubleshooting guidance to the plant
operators. There is a particular focus on the early assessment of soft faults in
the pulp digester, i.e. hang-ups, channelling and screen clogging. In reality,
the operators of a pulp mill use different sensor measurements to assess pos-
sible developments of process faults. The first sign of hang-ups is always a
change in differential pressure across the screens of the digester. However, the
operators see the signs of hang-ups and screen clogging in the same way, i.e.
differential pressure increases across screens. Currently, the operators have no
means of distinguishing the occurrence of hang-ups and screen clogging in a
digester. Furthermore, channelling inside the digesters can not be identified
only by looking at the sensor measurements. Therefore, an automated fault
diagnostic scheme is necessary for the early assessment of these faults; this
will also act as an operator assistance system.

In general, fault diagnostics can be referred to as identification of faults
that are developed or are under development in a process using different mea-
surements and their causal relations. Typically, these causal relations can be
described by different types of models of the process and the faults. By using
the measurements and the models, it is possible to produce a list of possible
faults that can potentially explain certain types of abnormal behaviour of the
process. Unfortunately, both the measurements and the process models are
subject to uncertainty. For the purpose of handling uncertainty, this disserta-
tion explores a probabilistic approach for fault diagnostics.

Bayesian Networks (BNs) are used in this work, utilizing both the physics-
based model and available sensor measurements. BNs represent a culmina-
tion of Bayesian theory of probability, which can be summarized in Equa-
tion 4.10. The equation represents a causal statement of the type A→B, where
A causes B and B is an observable effect of A. P(B) is called the prior proba-
bility and P(B|A) is called the posterior probability. The factor that relates the
two, P(A|B)/P(A), is called the likelihood ratio.

P(B|A) = P(A|B)P(A)
P(B)

, (4.10)
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A BN is a probabilistic graphical model that represents factorization of joint
probability distribution (Kjræulff & Madsen, 2013). It provides a comprehen-
sive way of handling uncertainty in mathematical computation, and is conse-
quently widely used to represent uncertain knowledge. Bayesian probability
differs from classical probability in that classical probability does not apply
any weight to the evidence, whereas Bayesian probability always includes a
degree of belief in the evidence (Weber & Simon, 2016). The most beneficial
aspect of a BN is that it can be constructed with a limited dataset or even in the
absence of data, by integrating expert knowledge. A BN model can also pro-
duce partial results with missing data, which can be beneficial in an industrial
setup. As soon as new evidence becomes available, the BN can be inferred to
update belief in a specific outcome.

Here, in order to enable diagnostics functionality, a
cause→issue→symptom structure of a BN is followed (Fig-
ure 4.13). By definition, a cause is the main reason for an abnormality. An
issue is a conflict among a set of causes. An issue occurs when its associated
causes occur. Issues may share common causes and symptoms. Lastly, an
indication of an abnormality is given as a symptom.

Figure 4.13: Bayesian network structure.

Accordingly, the high level overview of the digester diagnostics tool is pre-
sented in Figure 4.14. Available information or evidence from all possible
tools is fed to the BN as inputs and the outputs are the combined probabilities
of different faults in the digester. The dotted part of the figure summarizes
the process of constructing the BN. Constructing a BN involves building the
structural part of the BN, known as a directed acyclic graph (DAG), and speci-
fying the conditional probabilities. A BN can be constructed completely man-
ually from expert knowledge, completely automatically from data, or through
a combination of a manual and automatic techniques, where partial knowl-
edge about the structure or the parameters are learned from the data. In this
work, due to the lack of fault-related data, the BN was constructed fully from
expert knowledge.
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Figure 4.14: Outline of a Bayesian network based fault diagnostic tool.

After multiple iterations with the digester operators, process engineers and
domain experts, the following DAG was developed for the pulp digester di-
agnostics. Two issue nodes "Flow obstruction" and "Reaction intensity" are
defined that correspond to the liquor flow across the related screen set and
the chemical reaction in the related section of the digester. The pressure dif-
ference (∆P) and the flow rate are two variables that specify the state of the
"Flow obstruction" node, whereas the deviation from the simulated RA (∆RA)
and the liquor temperature (∆T ) specify the state of the "Reaction intensity"
node.

Screen-clogging Hang-up Channelling

Flow obstruction Reaction intensity

ΔP Flow rate ΔRA ΔT

Figure 4.15: Structure of the Bayesian network for digester faults diagnostics.

Finally, due to the lack of fault-related data from the pulp mill, it is pro-
posed that the discussed diagnostic techniques could be installed as a adaptive
system in the plant by integrating the expert knowledge in the BN. As more
fault-related data become available and are fed to the Bayesian network, the
system is expected to become more efficient in detecting digester faults.
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posed that the discussed diagnostic techniques could be installed as a adaptive
system in the plant by integrating the expert knowledge in the BN. As more
fault-related data become available and are fed to the Bayesian network, the
system is expected to become more efficient in detecting digester faults.
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4.3 Learning System for Micro Gas Turbines
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Figure 4.16: Learning system architecture for MGT fleet monitoring.

Figure 4.17: Conceptual HMI for MGT fleet monitoring.

The results for the micro-CHP case study are presented in this section. To
provide solutions to the problems highlighted in the literature review, the in-
tegrated learning system architecture has been adapted for micro-CHP (Fig-
ure 4.16). Each layer in the architecture represents an individual MGT of a
fleet. The flexible structure of the architecture allows easy modification of the
architecture for an MGT fleet. The physics-based model and diagnostics part
of this architecture were developed and tested in this study. A conceptual HMI
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of such a system is shown in Figure 4.17. The blue and red circles represent
healthy and faulty engines, respectively. Specific information about the fault
or status of the engines can also be accessed from such a HMI.

4.3.1 Model-Based Diagnostics of Micro Gas Turbines
In this study, a commercial MGT with CHP configuration was considered for
developing a model-based diagnostics scheme. It is a single-shaft, radial, re-
cuperated MGT manufactured in CHP configuration with 3.2 kW electric and
16 kW thermal output. A schematic layout of the micro-CHP unit is presented
in Figure 4.18.

Figure 4.18: Schematic layout of the MGT in CHP configuration (Paper III).

In order to develop a model-based diagnostics scheme for the MGT fleet,
a diagnostics-oriented model of the MGT was developed using EVA, an in-
house FORTRAN-based gas turbine modelling tool. A modular modelling
technique was used in which models of all the gas path components, i.e. com-
pressor, recuperator, combustor and turbine, including duct and rotating shaft,
were developed and connected together. A detailed description of the mathe-
matical model is presented in Paper III.

The compressor and turbine are modelled by using their characteristics
maps, and standard mass and energy balance equations. The characteristics
maps provide correlations between pressure ratio (PR), shaft speed (N), mass
flow rate (ṁ) and isentropic efficiency (ηis), as presented in Equation 4.11.

(
ṁ ·√Tin

Pin
,ηis

)
= f

(
PR,

N√
Tin

)
, (4.11)

These parameters are usually corrected to account for ambient effects, i.e.
inlet temperature (Tin) and pressure (Pin). The flow capacity of a compressor
or turbine is nothing but the corrected mass flow rate. A typical example of
a compressor and a turbine map are shown in Figures 4.19 and 4.20, respec-
tively. If any two of the characteristic parameters of a compressor or turbine
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are known, then the remaining parameters can be determined by using the
corresponding characteristics maps.

Figure 4.19: Typical compressor characteristics map (Kyprianidis et al., 2015).

Figure 4.20: Typical turbine characteristics map (Kyprianidis et al., 2015).

The recuperator is modelled as a counter-current plate-type heat exchanger.
As shown in Equation 4.12, a heat flux-based definition of thermal effective-
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ness (ε) is used for this purpose.

ε =
Qact.

Qmax.
, (4.12)

where Qact. and Qmax. refers to actual heat transfer and maximum possi-
ble heat transfer in the recuperator. The maximum possible heat transfer is
achieved when the fluid with minimum heat capacity rate undergoes the max-
imum temperature difference available in the exchanger, which is the differ-
ence between the entry temperatures of the hot and cold fluids.

The combustor is modelled based on the combustor efficiency (ηcomb.) as
defined by Equation (4.13). Additionally, energy balance is applied for the
combustor to estimate the enthalpy at the combustor outlet, which in turn is
used to calculate the temperature at the combustor outlet. As a simplifying
assumption, a constant lower heating value (LHV ) is used in Equation (4.13).

ηcomb. =
ṁcomb.(hcomb.,out.−hcomb.,in.)

ṁ f ·LHV
, (4.13)

where ṁcomb. and ṁ f refer to the mass flow rate of the air and fuel for
combustor. The enthalpies of the working fluid at the inlet and outlet of the
combustor are denoted by hcomb.,in. and hcomb.,out.

Finally, the shaft mechanical efficiency (ηsha f t) is defined as in
Equation (4.14).

ηsha f t =
Wcomp.+Wgen.

Wturb.
, (4.14)

where Wcomp., Wturb. and Wgen. represent compressor, turbine and generator
work, respectively.

In order to enable the adaptive capability that is essential for both model
tuning and gas path component diagnostics, correcting factors for the com-
ponent performance parameters, i.e. efficiency (η) and flow capacity (FC)
of the turbine and compressor and effectiveness (ε) of the recuperator, were
introduced in the model, as shown in Equation 4.15-4.19. The deviations in
the parameters are expressed as the performance deltas (∆) and the subscript
"adapted" represents the modified performance parameter.

∆ηcomp. = ηcomp.−ηcomp.,adapted , (4.15)

∆FCcomp. = 1− FCcomp.,adapted

FCcomp.
, (4.16)

∆ηturb. = ηturb.−ηturb.,adapted , (4.17)
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∆FCturb. = 1− FCturb.,adapted

FCturb.
, (4.18)

∆εrec. = εrec.− εrec.,adapted , (4.19)

Figure 4.21: Scheme for MGT model tuning (Paper III).

Since the MGTs under study were manufactured using the COTS compo-
nents from the automotive turbocharger industry, these components typically
have high production scatter. Hence, a single baseline model cannot be used
for the diagnostics of the MGT fleet. To account for the unit-to-unit variation
and reduce model–plant mismatch, a model tuning scheme was developed
as depicted in Figure 4.21. The measurements from the healthy engines were
used to back-calculate the performance deltas by using a tunable MGT model.
The modelling error for the tuned model at nominal load against the perfor-
mance test results of a commercial MGT unit is presented in Table 4.4. This
shows that the simulated model has acceptable accuracy at the nominal load.
It is important to note here that the diagnostics scheme tested in this study is
actually applied at nominal load.
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Table 4.4: Modelling error at the nominal load (Paper III).

Variables Modelling error (%)

Shaft power 0.02
Compressor outlet pressure -0.26
Combustor inlet temperature -0.01
Shaft speed 0.00
Turbine outlet temperature 0.00

Figure 4.22: Multi-layer fault diagnostics approach for the MGTs (Paper III).

Subsequently, a multi-layer approach for component-level fault diagnos-
tics was proposed and tested in this research. The proposed approach for the
MGT fault diagnostics is presented in Figure 4.22. The first layer of the diag-
nostics approach is known as AnSyn; here, performance deltas corresponding
to each component fault are calculated by using online measurements of an
MGT unit. In addition, a second layer of signature-based diagnostic scheme
was introduced, in which exchange rates were calculated from the online mea-
surements using the MGT model and compared with the simulated fault sig-
natures. Pearson product–moment correlation coefficient (PPMCC) was cal-
culated to identify the location and linear regression was applied to obtain the
magnitude of the fault.
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To assess the performance of the proposed diagnostics scheme, the
component-level faults listed in Table 4.5 were considered. Two sets of fault
cases corresponding to single faults and multiple faults were simulated. Five
different gas path parameters were fed into the diagnostics scheme to detect
the simulated fault cases.

Table 4.5: Considered component-level faults.

Component name Fault description

Compressor
Isentropic efficiency drop in % (∆ηcomp.)
Flow capacity drop in % (∆FCcomp.)

Turbine
Isentropic efficiency drop in % (∆ηturb.)
Flow capacity drop in %(∆FCturb.)

Recuperator Effectiveness drop in % (∆εrec.)

Duct Flow leakage from compressor outlet duct

Shaft/ Bearings Shaft efficiency drop in % due to increased bearing loss

Table 4.6: Result for cases with single fault (Paper III).

Implanted
fault

Fault
magnitude

(%)

Detected fault magnitude (%) using

AnSyn Signature-based

∆ηcomp. -1.500 -1.500 -1.511
∆FCcomp. -1.500 -1.500 -1.506
∆ηturb. -1.500 -1.500 -1.509
∆FCturb. -1.500 -1.500 -1.503
∆εrec. -1.500 -1.500 -1.500
Flow Leakage 1.500 - 1.506
Sha f t loss 1.500 - 1.508

The results for the cases with single faults are compiled in Table 4.6. The
location and magnitude of all the single faults except the flow leakage and the
shaft loss are detected by the AnSyn step. This is because there are seven dif-
ferent faults but only five measurement and health parameter pairs in the An-
Syn. This necessarily means that the effects of flow leakage and shaft loss are
scattered over other performance deviations that are included in the AnSyn.
To identify these faults without increasing the number of required measure-
ments, a signature-based algorithm was applied as the second layer of fault
diagnostics. This enabled all the implanted faults to be detected with accept-
able accuracy.
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Table 4.7: Results for cases with multiple faults (Paper III).

Cases Implanted
faults

Fault
magnitude

(%)

Detected fault magnitude (%) using

AnSyn Signature-based

1
∆ηcomp.: -1.500 -1.500 -1.486
∆FCcomp.: -1.000 -1.000 -0.973

2
∆FCcomp.: -1.500 -1.500 -1.262
∆FCturb.: -1.000 -1.000 -0.958

3
∆ηcomp.: -1.500 -1.500 -1.520
∆ηturb.: -1.500 -1.500 -1.522

4
∆FCcomp.: -1.000 -1.000 -0.948
∆ηturb.: -1.500 -1.500 -1.505

5
∆ηcomp.: -1.000 -1.000 -0.984
∆FCcomp.: -1.000 -1.000 -1.002
∆εrec.: -1.500 -1.500 -0.993

6
Flow Leakage: 1.000 - 0.999
∆FCcomp.: -1.500 -1.500 -1.527

7
Sha f t loss: 1.500 - 1.525
∆ηcomp.: -1.500 -1.500 -1.517

Results from the AnSyn and the signature-based scheme for simultaneously
occurring multiple faults are summarized in Table 4.7. As expected, AnSyn
is able to identify correct fault locations and magnitudes for all cases except
those including flow leakage and shaft loss. The signature-based algorithm can
detect the faults with a good indication of their magnitudes with some level
of error. One way to improve the accuracy of this step could be to include
more measurements for the regression. However, as previously mentioned, in
reality a limited number of measurements is available for such analysis. An-
other way would be to take advantage of the accuracy of AnSyn when both
diagnostic layers come up with the same faults. Overall, the proposed multi-
layer approach shows acceptable performance even with a limited number of
available measurements. However, in the case of sensor faults, the correspond-
ing measurements along with their associated performance deltas need to be
removed from the analysis. This will unavoidably affect the accuracy of the di-
agnostic scheme and may result in false alarms. To evaluate the robustness of
this diagnostics approach under measurement uncertainties (particularly sen-
sor noise), sensitivity studies for different gas path parameters were performed
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and are presented in Paper III. The result showed that even under measurement
uncertainties the scheme could detect the faults with acceptable accuracy.

4.4 Discussion
The results from the pulp and paper and micro-CHP case studies show that the
proposed learning system provides a generic architecture to incorporate dif-
ferent functionalities like soft-sensing, process models, controls and diagnos-
tics for decision support. Each of the case studies has different requirements
that need to be satisfied by the learning system. For example, measurement of
wood properties and advance control of the pulp digester are very important
for the economic operation of a Kraft pulping mill. Hence, the architecture
allows integration of a soft sensor and an MPC within the learning system
for the pulp and paper case study. Conversely, added benefits from fuel prop-
erty measurement and advanced control for the micro-CHP case study could
not be justified economically. Instead, fault diagnostics for fleet monitoring is
integrated to the micro-CHP learning system to meet the research need.

Implementation of such a generic learning system poses numerous chal-
lenge. In reality, different industrial plants have different automation platforms
in place. Hence, retrofitting the learning system with different automation plat-
forms can be challenging, as they have different communication protocols,
data historian types, network structures and, most importantly, data security
requirements imposed by the respective companies. To address this issue, it
is proposed that the connection between the learning system and the plant
automation platform is set up via the process historian. In this way, all the
required data are extracted from the historian and all the useful results are
written back to the historian after being processed by the learning system.
Additionally, different models, algorithms and tools might be available in dif-
ferent programming languages or tools. Functional mock-up interface (FMI)
provides a tool-independent standard to support both model exchange and co-
simulation of dynamic models. FMI appears to be the most preferable means
for model integration, as a wide variety of tools already supports this standard.
For other tools that do not support FMI (i.e.in-house tools), open-source tools
like Python and OpenModelica can be used to enable fast integration. Most
often, integration between different models and algorithms is also necessary
to attain certain functionality. It is found that handling multiple models and
algorithms using the same code provides easy integration opportunities. How-
ever, this can affect the robustness of the entire system. As a result, careful
assessment is necessary before integration decisions are made.

Development of process models is a prerequisite for enabling optimal con-
trol and operation for the process and energy industry. Mathematical mod-
elling also provides better understanding of the underlying physical phenom-
ena that is essential for identifying improvement potentials and early detec-
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ena that is essential for identifying improvement potentials and early detec-
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tion of process abnormalities. Fundamentally, physics-based models are bet-
ter suited for this purpose as they explain the cause–effect relationships among
process variables. The complexity of physics-based models can vary widely,
from simple conceptual models to high-fidelity computational fluid dynam-
ics (CFD) models, depending on the purpose of the modelling work. Added
model complexity almost always comes with a cost of high computational
time that may impede the online application. The pulp digester model devel-
oped in this research is based on chemical reaction kinetics, and fundamental
mass, energy and momentum balances. Relevant physical phenomena such as
chip bed compaction, diffusion and mixing between different phases are also
taken into consideration. However, due to the assumption of lumping nonlin-
ear kinetics in a series of CSTRs, the model became computationally expen-
sive for the online optimization that is necessary for MPC implementation.
As a result, linearization of the fundamental digester model was performed
through step tests. It can be argued that step tests should be performed on the
actual plants to identify the linearized model. However, it is almost impossible
to convince the management of a pulp mill to run step tests on their digesters.
Firstly, it will be too expensive. Secondly, stabilizing the digester after a step
test can be very difficult. As a result, a validated physics-based model offers
the possibility to study systems and develop controllers without disturbing the
real plant. On the other hand, the developed micro-CHP model is based on the
component maps, fundamental mass and energy balances. The model provides
the foundation for the fault diagnostic functionality that is the main purpose of
the micro-CHP case study. This suggests that there is no common modelling
approach that fits the needs of all applications. Rather, the modelling approach
for each application needs to be selected on the basis of the relevant purpose.

Many industrial processes have dead times inherent in their dynamic be-
haviour. Control of such processes can be very difficult, since any change in
the manipulated variable can only be noticed in the controlled variable after
the process dead time. The problem becomes severe when the controller needs
to handle variable dead time, which is quite common in continuous chemical
processes. Due to the complexity involved, FFMPC offers tighter control of
such processes. In this work, the FFMPC concept is tested for a continuous
pulp digester with the help of simulation studies. Since the pulp cooking pro-
cess contains both fast and slow dynamics, the system identification for the
MPC development requires careful selection of input signals. In order to cap-
ture the dominant slow dynamics of the key controlled variable (i.e. blow-line
Kappa number), adequate time between each step change is considered. In
summary, feed forwarding one of the major process disturbances related to
the feedstock properties to an MPC provides superior control performance. A
similar approach can be applied to many other applications in the process and
energy industry.

Fault diagnostics is a key component of the proposed learning system. The
purpose of the fault diagnostics is to provide an early warning of the process
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abnormalities and thereby facilitate robust decision support. Two different ap-
proaches to diagnostics are followed in this work for the different case stud-
ies. However, both approaches are highly dependent on physics-based models.
Hence, the accuracy of these approaches is highly dependent on the accuracy
of the physics-based models.

Due to limited time, not all the components of the proposed learning sys-
tem have been studied in this dissertation. Investigation of generic and case-
specific frameworks, physical models, advance controls and fault-diagnostic
approaches have been emphasized. One of the major challenges that lies ahead
is exploring how to integrate all the information available from different com-
ponents of the learning system to enable robust decision support.
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5. Conclusion

This chapter presents the major conclusions of this dissertation in the form of
answering the research questions.

To maintain profitability under rapidly changing economic conditions, in-
tense global competition and stringent environmental regulations, the modern
process and energy industry needs to adapt quickly. Hence, improving the
product quality and process efficiency while reducing the production cost and
plant downtime are top priorities. This is a major driver for developing new
methods and tools that can be incorporated into existing industrial automa-
tion systems to take advantage of optimal operation and control. Developing
such methods, tools and frameworks for the process and energy industry is the
primary focus of this research.

The dissertation begins by outlining the decarbonization and digitization
aspects of the future process and energy industry. Subsequently, the
motivation behind this research work is introduced by highlighting the
research needs for modernizing industrial automation systems. Appropriate
research questions are formulated to fulfill these research needs. An
exhaustive literature review is also carried out in the context of the
dissertation. Generic architecture for the learning system is proposed and
discussed in detail. Two case studies related to the pulp and paper mill
and micro-CHP fleet are considered to test the architecture and develop its
individual functionalities. Individual models, control concepts and diagnostic
approaches are explained thoroughly with relevant results and discussion.

In relation to the research questions reported in Section 1.3, the following
conclusions are drawn:

RQ1: What are the challenges in developing accurate adaptive models for
process and energy systems?

• Accurate and adaptive models are prerequisites for the development of an
integrated system for optimal control, diagnostics and decision support.
However, high accuracy always comes with an increased level of complex-
ity that is not desirable for models that need to be run online at a higher
frequency. Therefore, the modelling approaches in this dissertation are se-
lected carefully so that the developed models are lighter enough to run on-

Mälardalen University Press Licentiate Theses 63

5. Conclusion

This chapter presents the major conclusions of this dissertation in the form of
answering the research questions.

To maintain profitability under rapidly changing economic conditions, in-
tense global competition and stringent environmental regulations, the modern
process and energy industry needs to adapt quickly. Hence, improving the
product quality and process efficiency while reducing the production cost and
plant downtime are top priorities. This is a major driver for developing new
methods and tools that can be incorporated into existing industrial automa-
tion systems to take advantage of optimal operation and control. Developing
such methods, tools and frameworks for the process and energy industry is the
primary focus of this research.

The dissertation begins by outlining the decarbonization and digitization
aspects of the future process and energy industry. Subsequently, the
motivation behind this research work is introduced by highlighting the
research needs for modernizing industrial automation systems. Appropriate
research questions are formulated to fulfill these research needs. An
exhaustive literature review is also carried out in the context of the
dissertation. Generic architecture for the learning system is proposed and
discussed in detail. Two case studies related to the pulp and paper mill
and micro-CHP fleet are considered to test the architecture and develop its
individual functionalities. Individual models, control concepts and diagnostic
approaches are explained thoroughly with relevant results and discussion.

In relation to the research questions reported in Section 1.3, the following
conclusions are drawn:

RQ1: What are the challenges in developing accurate adaptive models for
process and energy systems?

• Accurate and adaptive models are prerequisites for the development of an
integrated system for optimal control, diagnostics and decision support.
However, high accuracy always comes with an increased level of complex-
ity that is not desirable for models that need to be run online at a higher
frequency. Therefore, the modelling approaches in this dissertation are se-
lected carefully so that the developed models are lighter enough to run on-

Mälardalen University Press Licentiate Theses 63

85



Towards a learning system for process and energy industry

line and provide acceptable accuracy to be useful for monitoring and con-
trol application. Simplifications such as lumped approximation and "perfect
mixing" with many continuous stirred-tank reactors (CSTR) resulted in a
continuous pulp digester model with acceptable accuracy given the com-
plexity of the delignification reaction. At the same time, a simplified mod-
ular model of the micro gas turbine based on component characteristics
maps and standard mass and energy balance equations yielded sufficient
agreement with performance test results.

• The accuracy of the pulp digester model can be improved by extending the
model to consider the radial variance of model properties. However, this
will increase the number of CSTR components and will therefore make
the model computationally intensive. Another aspect that affects the model
accuracy is the assumption of constant residence time along the digester
width. However, in reality, chips travel faster through the centre of the
digester than through the periphery. Hence, finding the balance between
model accuracy and computational time is a huge challenge. For the micro
gas turbine, the model accuracy is mainly affected by the lack of component
performance data. The recuperator effectiveness is assumed to be constant,
but seems to change at part load. The compressor and turbine maps used are
not representative as the turbo-machinery was modified, but the maps are
still from the original turbocharger manufacturer. Thus, acquiring updated
specification data about the real plant seems to be a major challenge.

• Being conceptually more complex than data-driven models, physical mod-
els are capable of capturing the process behaviour in a wider range of oper-
ating conditions. However, without proper tuning, these models often result
in discrepancies between model outputs and real-plant responses. More-
over, plant components usually deteriorate over time due to natural wear
and tear that can result in model–plant mismatch. Hence, robust model
adaptation techniques are essential to reduce this model–plant mismatch.
Some of the challenges for developing such techniques are selection of
datasets for adaptation, data pre-treatment, difficulty in separating process
faults and time-dependent slow degradation, varying process conditions and
selection of parameters for adaptation. The parameters in a physical model
can have specific physical implications that can be very useful for develop-
ing adaptation methods. Thorough understanding of the process is a prereq-
uisite for selecting the parameters for adaptation. A detailed review of the
existing literature and sensitivity analysis of different parameters has been
carried out for the pulp digester case. Among the model parameters, a set
of parameters corresponding to reaction rates was selected for the param-
eter estimation. For the micro gas turbine case, correcting factors for the
component-performance parameters, i.e. efficiencies, flow capacities, and
effectiveness, were included in the physical model for tuning purposes.
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Chapter 5. Conclusion

RQ2: To what extent can the control of a complex industrial process be
improved by combining soft sensors and model predictive control
(MPC)?

• According to the literature survey, there is a clear research gap in the area
of integrating emerging state-of-the-art measurement techniques to improve
the performance of predictive controllers for complex industrial processes.
The concept is particularly interesting for the control of the continuous pulp
digester. The Kraft pulping process is well known for its complexity due
to naturally varying feedstock, significant residence time, insufficient mea-
surements and the complex nature of the delignification reaction. Kappa
number of the pulp at digester outlet is the main quality parameter that the
controller strives to achieve. Nonetheless, the Kappa number is a measure
of the residual lignin content in the pulp, and is therefore directly linked
to the lignin content of the wood chips at the inlet of the digester. This re-
search focuses on an innovative approach of feed-forwarding near infra-red
(NIR) spectroscopy-based lignin-content measurement to an MPC to mini-
mize the blow-line Kappa variability.

• To test the effectiveness of the concept, three different control approaches,
i.e. feed-forward MPC (FFMPC), non-feed-forward MPC (NFFMPC) and
PID, were evaluated with the help of simulation studies and compared with
the current industrial control approach. In terms of the average output er-
ror, the performance of FFMPC is superior to the alternatives. The aver-
age value of output error for FFMPC and NFFMPC are 0.1271 and 0.3804
Kappa number, respectively; these errors are much smaller than the current
industrial control scheme, which is 6.1899 Kappa number.

• Tracking performance of the developed controllers was also analyzed.
Overall, the FFMPC approach provided a smoother response without
major oscillations despite the presence of high-frequency output noise.

RQ3: How to combine different physics-based and data-driven approaches
for fault diagnostics in order to improve decision support at different
levels, i.e. DCS, CMMS, MES and ERP systems for operators, engi-
neers and managers?

• Fault diagnostics using a hybrid approach combines benefits of
both physics-based and data-driven approaches. In this dissertation,
physics-based approaches have been used along with an additional layer
of data-driven approaches to perform fault diagnostics. Firstly, this
resulted in better performance of the fault diagnostics. Secondly, and
more importantly, hybrid approaches can work with a limited number of
sensors, which may not be adequate for physics-based approaches alone.
Eventually, the result of the fault diagnostics can be used to improve
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decision support at different levels, i.e. DCS, CMMS, MES and ERP
systems for operators, engineers and managers. For example, a severe fault
can lead to a shutdown of the plant if the DCS tries to manipulate the
process under such conditions. Therefore, it is important to switch the DCS
to a predefined safe mode if a severe fault is detected by the diagnostic
tool. If a maintenance action is necessary due to the fault, a corresponding
maintenance notification or order needs to be created in the CMMS. A
revision in the production planning in MES might be required due to a
planned maintenance action in one of the process equipment. Accordingly,
spare parts and additional manpower might be needed to perform such
maintenance work that is typically handled in the ERP system.

• In the pulp and paper case study, the digester model is used to calculate
deviations from the normal operation of the pulp digester. A Bayesian
network-based diagnostics scheme is proposed in this work that utilizes
the deviations to detect digester faults. The concept could not be validated
due to lack of fault-related data and is something identified for future
research. The system is also intended to provide suggestions to the
operators for corrective action while the engineers and managers can look
at the problems for further analysis or maintenance planning.

• In the micro-CHP case study, the MGT model was used to develop a hybrid
approach for monitoring and diagnostics of the MGT fleet. The result shows
that the proposed diagnostics approach performs satisfactorily even under
measurement uncertainties. The outcome of such a diagnostic tool can be
monitored remotely by the users, system owners, system maintainers and
manufacturers. Depending on the severity of a detected fault, the system
maintainer can plan maintenance activity. If a fault becomes recurrent for
many of the engines, the manufacturer can look into the issue for future
engine modification or upgrades.

The development of an integrated learning system for optimal control, di-
agnostics and decision support for a Kraft pulping mill and a micro-CHP fleet
was studied in this research. One of the main challenges in this task arises from
the fact that the two case studies are rather different from each other in terms of
size, functions, quantity and existing automation system. Typically, there are
only a few pulp digesters in a Kraft pulping mill, but there may be hundreds
of units in a micro-CHP fleet. Additionally, the existing automation systems
for the pulp and paper industry mostly date from the past few decades due to
the longevity of such mills. There is very little economic incentive to change
these systems. By contrast, micro-CHP is still in the development stage, and
their automation systems are very up to date and continuously evolving with
the technological developments. As a stepping stone towards the goal of this
dissertation, a generic learning system architecture has been developed that
allows easy integration with existing supervisory system of many process and
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energy industrial plants. The architecture enables inclusion of different func-
tionalities as individual modules. The system can therefore be easily adapted
according to the different requirements of different cases. The architecture is
flexible enough to be implemented in a remote server with a web-based inter-
face or run locally in a isolated server. In this dissertation, the adopted version
of the architectures for pulp and paper and micro-CHP cases are reported, and
are demonstrated within the FUDIPO project.

As a final reflection, utilization of such a learning system in addition to
the existing supervisory systems can only be justified by demonstrating quan-
tifiable economic benefits. Only then will all stakeholders be on board for
adoption of such a system. Another aspect that is often neglected is that the
system users, i.e. plant operators, engineers and managers, need to be involved
from the very beginning of the process from development to implementation
of such a system.

Mälardalen University Press Licentiate Theses 67

Chapter 5. Conclusion

energy industrial plants. The architecture enables inclusion of different func-
tionalities as individual modules. The system can therefore be easily adapted
according to the different requirements of different cases. The architecture is
flexible enough to be implemented in a remote server with a web-based inter-
face or run locally in a isolated server. In this dissertation, the adopted version
of the architectures for pulp and paper and micro-CHP cases are reported, and
are demonstrated within the FUDIPO project.

As a final reflection, utilization of such a learning system in addition to
the existing supervisory systems can only be justified by demonstrating quan-
tifiable economic benefits. Only then will all stakeholders be on board for
adoption of such a system. Another aspect that is often neglected is that the
system users, i.e. plant operators, engineers and managers, need to be involved
from the very beginning of the process from development to implementation
of such a system.

Mälardalen University Press Licentiate Theses 67

89



90



6. Future Work

This chapter summaries the planned future works based on the findings of
this dissertation.

• The physics-based diagnostics scheme for the pulp digester needs further
development. A validation technique also needs to be in place for this.

• In this dissertation, a linearized pulp digester model is used for the devel-
opment of the feed-forward model predictive control approach. In future, a
full model will be used for the development of the controller.

• An investigation of customized data pre-treatment techniques for different
functional algorithms is needed. The accuracy of the prediction models,
model predictive control and diagnostics tools are highly dependent on the
input data, in both the development and the deployment stages. Each of
the modular tools may have different requirements for data pre-treatment.
Hence, such a study should enhance the performance of different functional
tools.

• A individualized sensor-fault diagnostic tool needs to be developed for each
of the case studies. Early identification and isolation of faulty sensors can
be used by the decision support system for better decision making.

• Development of methods and tools for decision support by using multi-
source information fusion techniques is needed. The preferred approach
will use probabilistic methods such as Bayesian networks. This will neces-
sarily allow quantification of the confidence linked to each decision. More-
over, whenever additional information becomes available, the belief in a
particular outcome can be updated immediately. The possibility of feeding
additional information from human operators makes this a very powerful
tool in an industrial setup.
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