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Summary

Driven by the intense competition, increasing operational cost and strict environmental regulations, modern process and energy industry needs to figure
out the best possible way to adapt in order to maintain profitability. In an attempt to satisfy counteracting objectives of improving the product quality and
process efficiency while reducing the production cost and plant downtime, optimization of control and operation of industrial systems are essential. Use of
optimization not only can improve the control and monitoring of assets, but
also it can offer better coordination among different assets. Thus, can lead to
extensive savings in the energy and resource consumption, and consequently
offer reduction in operational costs, by offering better control, diagnostics and
decision support. This is one of the main driving force behind developing new
methods, tools and frameworks that can be integrated with the existing industrial automation platforms to avail the benefits of optimal control and operation. On this note,the main focus of this dissertation can be narrowed down to
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. Thereby, a generic architecture for optimal control, diagnostics and decision support system, refereed here as learning system, is proposed
in this research. Different components of the proposed learning system are investigated in the major part of this research. Two very different case studies of
energy intensive pulp and paper industry and promising micro-CHP industry
are selected for the demonstration of the learning system. In this research, one
of the main challenges arise from the fact that both the case studies are quite
different from each other in terms of size, functions, quantity and structure
of existing automation system. Typically, there are only a few pulp digesters
are located in a Kraft pulping mill, but there could be hundreds of units a
micro-CHP fleet. The main argument behind the selection of these case studies is that if the proposed learning system architecture can be adapted for these
significantly different cases, it can be adopted for any other energy and process industry. With in the scope of this thesis, mathematical modelling, model
adaptation, model predictive control and diagnostics methods for continuous
pulp digesters are studied. On the other hand, mathematical modelling, model
adaptation and diagnostics techniques explored for micro-CHP fleet.
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Part I:
Thesis

1. Introduction

This chapter presents the research background, research questions formulated based
on the research gaps, the research framework, objective of the thesis and the contributions to knowledge. The relationship between the research topics and the papers
are also presented. The chapter ends with introducing the thesis outline.

1.1

Background

Tackling the climate change is now a global priority. In December 2015, more than
hundred countries within the United Nations framework convention on climate change
(UNFCCC) agreed to adopt the Paris Agreement, a new legally-binding framework
for an internationally coordinated effort to intercept climate change. The Agreement’s
long-term aim is to hold the global average temperatures well below 2°C above the
pre-industrial levels and to pursue efforts to limit the temperature increase to 1.5°C
(UNFCCC, 2015). Concurrently, European Union (EU) is leading the ways by setting up a highly ambiguous goal of reducing the greenhouse gas (GHG) emission
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
aspirational goals, an approach similar to Trias Energetica can be useful that specifies a preferential sequence of actions to fight climate change (Brebbia, 2009). As
depicted in the Figure 1.1, the reduction of GHG emission needs cumulative push
from all three directions, i.e. reducing energy demand by energy saving and energy
efficiency measures, increasing renewable energy generation, and using of fossil fuel
as efficiently and as cleanly as possible. The approach is closely aligned with EU’s
periodic climate strategies and targets. For example, newly revised EU’s 2030 climate
and energy framework sets three key targets, to reduce the GHG emission by 40%,
increase the energy efficiency by 32.5% and increase the share of renewable by 32%
within 2030 (European Parliament, 2018).
The Trias Energetica makes it clear that that energy demand reduction have to
come first in pursuit of climate change mitigation. In-line with this approach, the
Climate Action Network (CAN) Europe recently reported that the European energy
intensive industries must act actively to meet short- and long-term GHG emission
reduction goals. Energy intensive industries (which are mainly referred to pulp and
paper, iron and steel, cement, chemical and petrochemical, refineries, ceramic, metal,
non-metallic minerals, clay, glass producers and etc.) alone consumes 37% of the
globally produced energy. In Europe, they are accountable for approximately 20% of
the total GHG emission (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 different energy saving and efficiency improvement measures. Being the
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Figure 1.1: Energy triangle approach to reduce greenhouse gas (GHG) emission.

fourth largest industrial energy consumer in EU, the pulp and paper sector need to act
accordingly to the achieve EU’s climate targets and ensure the transition towards a
low-carbon economy according to it technological and economic potential (Moya &
Pavel, 2018).
According to Trias Energetica approach, increasing the share of renewable generation is most preferable action after the demand reduction measures. Finally, fossil fuel
must be used as efficiently and as cleanly as possible to meet the remaining demand.
Micro-combined heat and power (CHP) have the potential to contribute in both second
and third arm of the Trias Energetica depending on the fuel used i.e. renewable fuels
(biomass, bio-gas or bio-fuels) and fossil fuels respectively. Moreover, mode of operation of the micro-CHP units can assist the grid integration of intermittent renewable
energy solutions. In Europe, the buildings accounts for 40% of the total energy consumption and approximately 85% of that is accounted for 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 boilers are old and inefficient (Delta-ee,
2015; ECOFYS, 2016). Micro-CHP have the potential to reduce GHG emission up
to 38% when compared to covering heating needs by an advanced condensing boiler
and electricity from the grid; and the potential can be twice as much if a conventional
boiler is considered instead of condensing boiler (ETN & COGEN Europe, 2016).
Micro gas turbine (MGT) is one of the major contender among different micro-CHP
solutions for household, and small and medium enterprise (SME) sector. Apart from
the climate change mitigation, promoting innovation and digitization in European industries are at the core of EU’s renewed industrial policy strategy that aims to make
the EU industry stronger and more competitive 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 considered to be highly digitized (European Commission, 2017a).
To maintain it’s position as a global leader in manufacturing industries, EU need to
drive the digital transformation to deliver growth and competitiveness for European
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industries. Consequently, EU is promoting investment in the technological areas like
high-performance computing, high degree of automation, plant-wide Optimization,
cloud computing, big data, artificial intelligence, the internet of things (IoT), machine
learning and industry 4.0. However, the process of digitization is not a local phenomena anymore, rather it is taking place on a global scale. Greater customer reach, higher
productivity and better 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 the intense price-based global competition, raising operating cost, rapidly
changing economic conditions and stringent environmental regulations, modern process and energy industries are confronting unprecedented challenges to maintain their
profitability. Therefore, improving the product quality and process efficiency while
reducing the production cost and plant downtime are matter of utmost importance.
These objectives are somewhat counteracting, and to satisfy them, optimal operation
and control of the plant components are necessary. Consequently, research in the area
of process systems engineering (PSE) that can offer the tools needed to obtain the best
possible performances from the already existing plants through optimal control and
operations, is grabbing much attention.
Use of optimization in control and operations not only can improve coordination
among different assets within a complex industrial plant, but also it can offer better
management of large fleet of distributed assets. Thus, can lead to enormous savings
in the energy and resource consumption, and consequently offer reduction in operational costs, by rendering better control, diagnostics and decision support (Palacín et
al., 2018; Kwon et al., 2016). This is one of the major driver for developing new methods and tools that can be integrated with the existing industrial automation platforms
to avail the benefits of optimization in integrated control and operation. In order to get
a structured view on industrial automation and how optimization can leverage the gain
from such system, a brief overview of automation pyramid as presented in Figure 1.2
is beneficial (Hollender, 2010). The pyramid incorporates five technological levels
of industrial environment that allows communication among different 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 programmable logic controller (PLC), distributed control system (DCS), proportional–integral–derivative (PID) controller, etc. The supervisory control and data
acquisition systems (SCADA) corresponds to the third level or supervisory level. The
fourth level or planning level includes the manufacturing execution systems. At top
level 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 accommodate industrial internet of things (IIoT),
the structure is converting to more of a pillar than a pyramid that enables enhanced
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communication beyond existing 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 material
through better decision support.

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

Typically, the process components are designed to meet the operational objectives
that are essential for the optimal and economic operation of the plant. Nevertheless, in
reality due to external disturbances, inherent variability and uncertainties, the process
variables encounter both arbitrary and sustained deviation from their targets. This is
where the control system comes into action to actively manoeuvre the process in order
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 others. In principle, a PID evaluates the one-and-only process
variable to decide if it is acceptable or not, and takes corrective measure if necessary.
This scheme works well for control problems with just one variable or with several
variables that can be manipulated independently. Despite of the wide spread usage,
PID structure have multiple drawbacks when it comes to supervisory control of multivariate industrial processes with high level of non-linearity. Therefore, multivariate
control techniques are particularly essential for supervisory control, while PIDs can
still be used for uni-variate regulatory controls under the supervisory control loop.
Apart from robust control scheme, automated process diagnostic also plays an important role in ensuring the optimal operation a plant. Particularly, soft faults and
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slow deterioration of process components over time reduce the nominal production
capacity of a plant. Often these kinds of faults are hard to detect only by looking at
the process variables and remain unnoticed until the problems get severe or lead to
an unwanted plant shutdown due to component breakdown. These faults and deterioration can also effect the control system negatively and disturb the process stability.
Particularly, advanced control concepts that depend on process models to manoeuvre
the plant are prone to slow deterioration. Hence, model adaptation over the time is
essential to ensure the optimal control of the plant.
An automated fault diagnostics system can be beneficial for a processing or energy plants in numerous way. An early detection of process/equipment/component
fault or deterioration can provide decision support for operators, engineers and managers at different level i.e. DCS, Computerized Maintenance Management System
(CMMS), Manufacturing Execution System (MES) and ERP. As a result, the operation of the plant along with the maintenance, production and inventory planning can
be improved. For example, an early indication of a fault development 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 the prevention is
not possible then an early detection of such deterioration can provide indication about
the remaining useful life (RUL) of the affected component that in-turn can provide
indication about time-frame when a maintenance need to be performed. Once a maintenance action is planned, that can initiate procurement of required spare parts and
adjustment of the production plan if necessary. To achieve such cross platform functionality, there is a need of a integrated framework for optimal control, diagnostics and
decision support for energy and process industry. The framework need to be generic
enough to accommodate different systems with different level 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 large fleet of assets spread over
a large geographical area.

1.3

Purpose and Research Questions

The core of this dissertation can be narrowed down to the utilization of different
process models, soft-sensors and optimization techniques in order to improve the
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 thereforeTo investigate methods, tools and generic framework suitable for developing learning system for the process and energy industry.
Integrated system for optimal control, diagnostics and decision support is
refereed here as learning system. The developed framework need to be generic
enough to accommodate multiple functionalities that are essential for the
implementation of such a learning system. Typically, the system will be placed in
the supervisory level of the automation pyramid but will be able to provide decision
support at higher levels as well. In order to fulfill the previously stated purpose,
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a large focus is put on exploring different modelling techniques to obtain desire
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 aspects
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?
The second question is related to investigating the effect of coupling soft-sensors and
model predictive controller.
RQ2: To what extent the control of a complex industrial process can be improved by
combining soft-sensor and model predictive controller (MPC)?
Whereas the first and second research questions focus on modelling and control aspects, the third question aims at usage of different models for process diagnostics that
in-turn can improve decision support.
RQ3: How to utilize and combine different models to improve decision support at different levels i.e. DCS, CMMS, MES and ERP systems for operators, engineers
and managers?
To satisfy the purpose, the dissertation furthermore intends to contribute in terms
of providing methods for quantifying benefits of implementing different components
of the learning system. Another intention is to also increase the awareness of the respective process owners about how optimal control, diagnostics and decision support
can be beneficial.

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 solves a problem (Booth et
al., 2008). The research disclosed in this dissertation can be better categorized as
the applied research that seeks to solve an immediate problem faced by a society or
organization or industry(Deb et al., 2019). Due to its’ multidisciplinary nature, the
work incorporates features of both qualitative and quantitative research approaches.
The qualitative approach aims at identifying challenges related to developing adaptive models and proposing a methodology to improve decision support. On the other
hand, quantitative approach is utilized to assess performance of 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 followed in this
dissertation is cyclic and iterative in nature and can be best described 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 the
industry, more specifically from 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. Sequentially, the principal problem is divided into manageable sub-problems by formulating three research
questions. The next step is the most time consuming step where different methods,
tools and frameworks are developed to address the problem. After that, the data are
collected, organized and analyzed. Finally, interpretation of the data are made to resolve the problem partially or completely by answering of the questions. This may
lead to emergence of a new problem that restarts the cycle or prompt feedback to the
preceding steps for readjustment.

1.5

Research Framework

The work presented in this dissertation is based on the three previously presented research questions. Three major topics that guided this study are (1) process modelling,
(2) model predictive control, and (3) diagnostics and decision support, each providing
input for different research questions to various degrees. How the research questions
and topics are connected to the papers that are included in this dissertation is illustrated via Table 1.1 and Figure 1.4.
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Table 1.1: Relation between the Research
questions and papers.
Research Question

Article

RQ1
RQ2
RQ3

Paper I & III & IV
Paper I & II & IV
Paper II & III

Figure 1.4: Research topic coverage by each paper.

This dissertation is based on four scientific papers ( Paper I-IV) that covers both
pulp and paper, and micro-CHP case studies. Paper I, II and IV are related to the pulp
and paper case study, while Paper III is related to the micro-CHP case study. As a
step toward answering research question RQ1, Paper I presents a brief literature review on the advanced control, and control related challenges of pulp digesters. Based
on the literature gap, an approach for feed-forward MPC (FFMPC) is proposed and
possibility 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 equation is developed and analyzed. To answer research question RQ2, the
developed model is used to test the feed-forward model predictive control concept
previously presented in Paper I. Moreover, in an attempt to answer research question
RQ3, a Bayesian network (BN) based diagnostics approach for detecting faults related to the non-ideal behaviour of continuous pulp digesters is proposed. In Paper
IV, the pulp digester model is improved by considering more complex reaction, physical and heat transfer phenomenon like fibre degradation, chip bed compaction and
heat transfer due to diffusion mass transfer. Model adaptation scheme is proposed by
mapping different digester constants and estimating a set of parameters. Parameter
sensitivity along with digester controllability analysis is performed that used to systematically select control and manipulated variable pairs. Finally, a FFMPC approach
by utilizing Near infra-red (NIR) spectroscopy based lignin content measurement for
the Kappa number control of a continuous pulp digester is tested and controller performance is evaluated against industrial controller, decentralized PID and MPC without
feed-forwarding lignin measurement. Paper III presents a multi-layer diagnostics ap-
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proach based on model based and data driven techniques for monitoring MGT based
micro-CHP fleet. This paper provide answers 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 are linked to each other and the dissertation.

Figure 1.5: Overview of the dissertation and included paper.

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 energy and process industry.
• Developed and tested a FFMPC scheme for pulp digesters with the help of
simulation studies. The performance of the FFMPC is analyzed in comparison to
multiple control schemes i.e. industrial and PID schemes.
• Proposed an architecture for the learning system (i.e. optimal control, diagnostics
and decision support system) that is generic enough to accommodate any energy
and process application ranging from only a few large scale assets like pulp digesters to a large feet of assets like micro-CHP fleet.
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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 thesis followed
by introducing purpose and research question, research approach, research
frame work and contribution of the thesis.
Chapter 2 Frame of Reference
A comprehensive literature review in the area of process modelling, optimal
control, diagnostics and decision support to disclose the state of the art particularly in pulp and paper, and micro-CHP application.
Chapter 3 Summery of Included Articles
A summary of the included papers is presented in this chapter. The description
also includes of how the papers relate to the research questions.
Chapter 4 Results and Discussion
This chapter presents the results and discuss the outcomes of this research for
the purpose of answering the research questions.The results for the pulp and
paper case study is presented at the beginning, followed by the results for the
micro-CHP case study.
Chapter 5 Conclusion
This chapter presents the overall conclusions of the thesis.
Chapter 6 Future Works
The thesis ends with a short discussion on the possible future works of the
research.
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 exhaustive literature review for the context of this dissertation. Each sections and sub-sections of the chapter are concluded
by highlighting relevant literature gap.

2.1

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 interconnected
sub-systems, these systems have higher degree of non-linearity and stochastic dynamics. Often they are equipped with several control loops, and have to operate under
large unpredictable disturbances and wide range of operational conditions. Historically, human operators have performed satisfactorily to operate these industrial systems. However, under this altered circumstances, operators often struggle to operate
these systems optimally under increased number of observations and frequently conflicting constraints. Hence, a supervisory system of a modern industrial plant need
to perform various additional activities like 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 was difficult and as a result often neglected. However, each of
these activities are closely related to one-another and can not really be conducted individually isolated from each other. For example, a fault in the system or a sensor
failure, can have significant impact on the control or model adaptation. Therefore, an
integrated system for optimal control, diagnostics and decision support referred here
as learning system is essential where all of these functionalities are incorporated to
enable optimal operation of the process.
Over the years, extensive research effort has been devoted to explore 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 accounts for
multivariable aspects, interactions, constraints, and effect of disturbances on the
plant operation (Edgar, 2004; Qin & Badgwell, 2003; J. H. Lee, 2011). Except for a
few cases, physics based modelling approaches mostly 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 are often based on models that are developed mostly
from historical data (Chiang et al., 2001; Amin et al., 2018). Partial least square
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(PLS), principal component analysis (PCA), independent component analysis (ICA)
and some of their variants are predominantly used data driven techniques (Dunia
et al., 2012; Kano et al., 2001; Zhang & Zhang, 2010). Using these techniques is
mostly beneficial due to fact that they only require historical data in normal operating
condition, fault related data is not required for a successful implementation. More
advanced data driven techniques like artificial neural network (ANN) and support
vector machine (SVM) are also explored 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 are also investigated widely for industrial process diagnostics purpose
(Frank et al., 2000; Ding, 2013). Having said that, practical usefulness of all these
approaches is somewhat limited and very case specific. Apart from that, none of the
data driven or physics based method appeared to be superior to others. Accordingly,
hybrid approach that combine different approaches to minimize their weaknesses
and maximize their strengths are getting more attention (Lemma, 2018; Amin et al.,
2018). Despite many advancements, advanced diagnostic approaches intended for
industrial applications are still at the stage of pilot implementations and, require
further development to become mainstream (Kościelny et al., 2009; Korbicz &
Koscielny, 2010). Finally, there are handful of studies focused on industrial decision
support systems that support decision making about processes or assets for the
peoples 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 also support maintenance planning and production scheduling ultimately.
Realizing the potential, several EU projects are underway currently, each investigating different methods, tools and platforms for enabling optimal operation in process and energy industry. FUDIPO (FUture DIrections for Process industry Optimization) project is developing advanced sensors, tools and platform to integrate different
machine learning and physics based functions into process industry to provide improvements in energy and resource efficiency (Rahman et al., 2017). Another example is MONSOON (MOdel based control framework for Site-wide OptimizatioN of
data-intensive processes) project, which is developing 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 aim
is to design and implement a concept that merges existing industrial control systems
with new efficient data management and optimization methods, and provides means
to monitor and control copper-smelting and steel manufacturing processes (Hästbacka
et al., 2018). DISIRE (Distributed In SItu Sensors into Raw material and Energy feedstock) project, introduces online sensing equipment for feed-stock properties and integrated process control for non-ferrous, ferrous, chemical and steel industries (Jurdziak
et al., 2016).
The survey of relevant literature revealed that previous research efforts have made
valuable contribution in developing different component of the learning system,
namely optimal control, diagnostics and decision support for process and energy
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industry. However, there are very limited studies that investigate how these highly
interrelated functionalities can be integrated together and implemented in the
industry where the need lies. Having said that, there are increased interests both from
the academia and the 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 the wood chips mainly takes place in the pulp digesters.
It is a upright tubular vessel that removes lignin from the wood chips to free the wood
fibers by means of a thermo–chemical conversion process known as delignification.
Due to the naturally varying feed-stock, significant residence time, inadequate measurements and complex nature of the delignification process, controlling pulp quality
at digester outlet is a challenging task. Moreover, due to the non-ideal flow behaviour
in the digester, soft faults often occur. These lower the pulp quality and production
rate considerably. All this factors emphasis the need of the learning system for the
optimal operation and control of the digester. In the following section a review of
relevant literature in the area of pulp digester modelling, control and diagnostics is
presented. 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. On the other hand, data
driven model are based on data or observations that occurred in the past. These kind
of models are also known as black–box models as they relates inputs with outputs
without revealing any knowledge of the internal working principals. Most explored
data driven techniques used for pulp digester modelling are regression, Box-Jenkins
method, ANNs, clustering and different 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
techniques based on their ability to predict Kappa number, and found that Box-Jenkins
method can provide better accuracy when compared to others, followed by regression
and ANNs.
The physics based models can be further categorized into steady state and dynamic
model (Figure 2.1). A steady state model is based on the assumption that the system in equilibrium, and thus is time–invariant. This kind of models are useful for
system design but not for control application. On the other hand, a dynamic model
accounts for the time-dependent changes in a system and thus can capture the transient behaviour of the system. Few researchers investigated steady state models for
pulp digesters (Fernandes & Castro, 2000), while majority of the researchers concentrated their focus on dynamic modelling. Some of these dynamic models are more
focused on physical phenomena like chip bed compaction, diffusion and detailed fluid
dynamics; while others are more focused on reaction kinetics like lignin dissolution,
carbohydrate degradation and alkali reaction.

15

Figure 2.1: Overview of pulp digester models.

Till now, there are three widely used approaches available to model reaction kinetics in a pulp digester, known as Purdue model, Gustafson model and Andersson
model. The Purdue model is originally developed by Smith and Williams at the University of Purdue in the 1970s (Smith & Williams, 1974). The Gustafson model is
developed by Gustafson at the University of Washington in the 1980s (Gustafson et
al., 1983). Lastly, the Andersson model is developed by Andersson at the Karlstad
University in 2003 (Andersson, 2003). The main conceptual basis of all these kinetic
models is similar. They all are based on Arrhenius equation that shows the effect of a
change of temperature on the reaction rate constant for different wood components. In
contrast, the main differences arise from the number of wood components considered
(particularly lignin), assumption of consecutive or parallel reactions, and the assumption about how the delignification reaction takes place along the digester length. In
Purdue model, the wood substance is represented as five different components reacting in parallel. The lignin is divided into three parts called fast-, slow- and nonreactive–lignin. By doing so acceptable results can be achieved at the end of the cook.
On the contrary, in Gustafson model or 3-stage model the wood substance is represented by only two different components reacting consecutively. The delignification
reaction is modelled as three successive phases: initial, bulk and residual. Finally, the
Andersson model used similar underlying kinetic expressions as of Purdue model including the assumption of parallel reactions. One of key assumption that differs from
Purdue model is the three types of reactive 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;
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Rantanen, 2006; Grénman et al., 2010). A detailed literature review about the pulp
digester modelling can be found in Paper IV.
Research on pulp digester modelling drawn a lot of attention of the research community over past few decades. Despite that using such models for online applications
is still a challenge due to the poor accuracy, demanding development cost and complex adaptive schemes. The poor accuracy often contributed by the fact that all previous models only considered phenomenon along the length of the digester. Radial
phenomenon often avoided as simplifying assumption. Additionally, there is growing
need of developing a generic library that could be used to model different digester
with different dimension, configuration and type.

2.2.2

Control of Continuous Pulp Digesters

The quality of the paper products pretty much dependent on the quality of the supplied pulp. The quality of the pulp is characterized by the strength, viscosity, yield
and the Kappa number. This being said, the control of the Kappa number is the matter of utmost important at the digester outlet. 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. Usually, the
lignin content of the incoming wood chips is something that is almost impossible to
control and is a source of major disturbance. Contrarily, intensity of the delignification reaction 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 extraction
point.
Controlling the blow line Kappa number is a challenging task. Mostly due to the
fact that all the main control manipulation are performed in the top part of the digester, but the Kappa number is measured physically at the outlet 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 input parameters that existed four to six hours
before. Furthermore, blow line Kappa number is effected by a huge number of process
variables. Due to the complexity involved, continuous cooking requires multi-variable
process control. MPC is widely known as a superior control strategy over the classical
methods, when it comes to multivariate process control.
Control of continuous pulp digesters have been studied widely both by the academic and the industrial researchers over the years. Initially, a handful of studies were
mostly focused on the control of chip level in the continuous pulp digesters (Dumont
et al., 1984; Allison et al., 1990, 1991). Eventually, the focus is shifted to achieving
maximum pulp production at specific Kappa number with minimum chemical and
energy consumption. Apart from MPCs, a wide variety of control approaches such as
dynamic matrix control (DMC), reduced dimension control (RDC), smith predictor,
and genetic algorithms (GA) are explored to accomplish these goals (Funkquist, 1994;
Luay Al-Awami et al., 1999; Clarke Pringle & MacGregor, 2000; Silva & Biscaia,

17

2003). Due to its superiority, different MPC concepts for continuous pulp digester is
investigated by numerous researchers. Some of the studies are focused on linear 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 identification from the data are adopted. On
the other hand, nonlinear MPC based on complex physics based, ANN, multiple linear
regression (MLR), PLS methods are also studied (Doyle III & Kayihan, 1999; Doyle
& Wisnewski, 2000; Padhiyar et al., 2006; Padhiyar & Bhartiya, 2009). Interestingly,
the focus moved from end point Kappa number control to Kappa profile control along
the way. Extensive literature reviews of different MPC concepts for continuous pulp
digester can be found in Paper I and Paper IV.
The review of relevant literature unveiled that research related to continuous pulp
digester control by employing MPC attracted a lot of attention. Still Kappa number variability at the blow line is a major concern for Kraft pulping mills. Incoming
feed-stock properties particularly lignin and moisture content are identified as major
sources of unmeasured disturbance that effect the blow line Kappa number the most.
How the online measurement of major process disturbances will effect the performance of the MPC is something that remained mostly unexplored.

2.2.3

Diagnostics of Continuous Pulp Digesters

One of the major application area for advanced supervisory systems is fault or process diagnostics. It is expected that such a diagnostic system will be able to assist
the operators in the case of process abnormalities and faults. Process abnormalities or
faults are referred to the unwanted situations when the process changes abruptly or
gradually. These situations can be better noted as soft faults since often they do not
result in instant shutdown of the plant. Rather, the quality of the product and/or the
production rate of the plant may degraded substantially. 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 action under such faulty conditions may deteriorates the plant operation and result in major shutdowns. Thereby,
detection, isolation and identification of such faulty conditions are necessary.
Most problematic soft faults that can occur in a continuous pulp digester that can
have a major effect on the blow line pulp quality and/or the production rate are hangups, channelling and screen clogging (Jansson et al., 2003; Pourian & Dahlquist,
2011). Often, these soft faults occur due to the non-ideal flow behaviour in the digester. Over the years, diagnosis of the different chemical processes are studied in
many articles (Gao et al., 2015a,b). However, there are not too many previous studies that looked into the fault diagnostics of continuous pulp digesters. In one of the
earlier study, Puranen proposed a disturbance index to monitor status of the chemical
pulping process, that is calculated 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 feed–stock composition changes are investigated
(Dufour, Bhartiya, English, et al., 2001). The third approach is further investigated
in Dufour, Bhartiya, Dhurjati, & Doyle III (2001). Due to the lack of plant measure-
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ments, the ANN approach is developed and validated based on data generated from
first principal model of the pulp digester. A BN based root cause analysis method
for pulp digesters is proposed and validated using a simulation model by Weidl &
Dahlquist (2002). The proposed model needed a lot of evidences as 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 reveals that the method performs better if the time delays of the
measurements are also included as inputs. To reduce the chip retention related disturbances in the digester, Correa et al. (2006) proposed a digester criticity index that is
based on different correlation test and process measurements (Correia & Lana, 2006).
The index suppose to give an estimation about the stability of the digester as well as
suggestions to the operator if corrective actions are required. Another performance
index based method for digester monitoring and root cause identification method is
examined by Tervaskanto et al. (2012). The authors used seven performance indices
each corresponds to a sub–process in the chemical pulping mill that are developed
based on process statistics and physics based model. Yli-Korpela et al. (2012) evaluated digester runnability problem by utilizing process performance indices and kmeans clustering to find failure pathways.
On the basis of the literature search, it can be observed that to a large extent statistical methods are preferred over the physics based approaches till now when it comes
to pulp mill diagnostics. However, on the accuracy level none of the methods explored
so far seems to be superior to others or matured enough to ensure industry wide application. One of the possible way-forward to elevate the performance of the diagnostics
system could be combining results from different physics based and statistical methods. This will potentially enhance the benefits as well as diminish the drawbacks of
different methods.

2.3

Learning System for Micro Gas Turbines

The market for the gas turbine based micro-CHP units is growing rapidly. Particularly, utilization of commercial off-the-shelf (COTS) components is bringing down
the cost of ownership and maintenance, which is paving the way for mass adoption
of these units. However, to take full advantage of its potential, the technology need to
overcome numerous challenges. In the context of a electricity sector with high share
of intermittent renewable resources, MGTs need to offer high reliability and availability to ensure the security of supply. Consequently, there are acute need of real-time
condition monitoring systems that will be able to detect faults and performance degradation, and thus allow preventive maintenance of these units. Another aspect of MGT
market that emphasizes the need of a real-time condition monitoring system is the
ownership structure of such small scale units. Traditionally, gas turbine power plants
are 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 persons, home owners
and SMEs, who may have limited knowledge about the operation and maintenance
of these units. In this circumstances, a real-time condition monitoring system is even
more important, where the service provider (i.e. technology provider or the system
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installer or independent service provider) is responsible for maintaining large fleet of
MGTs distributed over a large geographical region. In such scenarios, the learning
system need to provide functionalities that are necessary to enable remote monitoring
and condition based maintenance of large MGT fleet. To highlight the state of the art
and as well as the research gaps, review of relevant literature about the model based
diagnostics of MGTs is reported below.

2.3.1

Model Based Diagnostics of Micro Gas Turbines

In past few decades, substantial research effort have been devoted in the field of modelling and simulation of MGT. Majority of these research were focused mainly on
acquiring thorough understanding of the engine functions, overcoming scientific and
engineering challenges, studying performance under different fuels, optimizing component and/or system level performance, 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
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 turbines were studied extensively in the literature (Y. G. Li, 2002; Volponi, 2014; Tahan
et al., 2017; Stamatis, 2011). MGTs can be referred as the smaller variant of gas
turbines with electric output ranging from few kilowatts to few hundreds kilowatts.
Theoretically, majority of the gas turbine diagnostic approaches will be applicable for
MGTs as well.
The overall performance of gas turbines gradually reduces over time due to
the degradation of its gas path components. Fouling, corrosion, hot corrosion,
erosion, abrasion, leakage and damage by foreign objects are several mechanisms
that 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 few factors that defines the rate
of degradation (Larsson, 2014). As a consequence of such degradation, the output
capacity and thermal efficiency of gas turbines reduces, which result in reduced
profitability and increased emissions (Razak, 2007). For the monitoring and fault
diagnostics of gas turbines numerous approaches are used over the years including
visual inspection, noise monitoring, vibration monitoring, oil analysis, borescope
inspection, X-ray checks, eddy current checks, debris monitoring, turbine exit
spread monitoring, performance-based analysis, etcetera (Y. G. Li, 2002). Among
them performance-based diagnostic methods were widely studied by the research
community over the years. The main benefit of the performance-based methods
against others is that no special instrumentation is needed for implementation.
Variety of performance-based diagnostic approaches have been explored for gas
turbine health monitoring. These approaches can be widely classified into modelbased 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), support vector machines (Zhou et al., 2015) and stochastic data
fusion (Cui et al., 2013; Lu et al., 2016)) and knowledge-based approaches (expert

20

systems (Spina et al., 2002), BN (Romessis & Mathioudakis, 2004; Kestner et al.,
2011), and Fuzzy logic systems (Barbosa & Ferreira, 2012)).

Figure 2.2: Overview of performance-based diagnostics of gas turbines.
By far, GPA is the most widely used method for gas turbine diagnostics. GPA have
the upper hand over other methods, since it can provide quantitative values of gas path
component deterioration by using thermodynamic performance model of the engine.
The underlying hypothesis of GPA is that the performance deterioration of a engine
can be linked to the performance deterioration of its gas path components and the performance of these components can be represented by a set of health parameters. Deterioration in the engine components topically causes deviations in these performance
parameters such as efficiency, flow capacity, and so on, that in turn lead to deviations
in the gas path measurable parameters such as temperatures, pressures, speeds, and
flow rates. GPA uses the gas path measurable parameters as inputs to compute the
change in component health parameters. Broadly, GPA itself can be seen as a type of
information fusion where the measurable parameters individually provides very little
information in comparison to when considered collectively to form signatures that
can be correlated to known fault categories (Volponi, 2014). An extensive literature
review of gas GPA method is included in Paper III.
It can be summarized that diagnostics of large scale gas turbines is well studied in
the literature, but diagnostics of MGTs is studied in only a few papers. Given that,
the MGT technology is still in the early stage of development, sufficient operational
data are lacking that is essential for data-driven diagnostics approaches. On the contrary, performance-based diagnostics of MGT by employing GPA also poses several
challenges. MGTs include only 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 performance that could lead to deviations
in measured parameters, which can be comparable to actual fault conditions. In such
circumstances, none of the physics-based or data-driven approach for diagnostics of
MGTs seems to be superior to the other. Hence, there is a need for the exploration
of various hybrid approaches that can combine 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 questions are linked
to each paper.

3.1

Paper I: An Approach for Feedforward Model Predictive Control for Pulp and Paper Applications:
Challenges and the Way Forward

Rahman, M., Avelin, A., Kyprianidis, K., and Dahlquist, E. (2017,April).
An Approach For Feedforward Model Predictive Control ForPulp 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 in TAPPI PaperCon 2017, forms the foundation for further
research in the area of model based predictive control in Kraft pulping mills. As a
step toward answering research question RQ1, it presents a survey of model-based
predictive control of Kraft pulping process followed by discussion about associated
control challenges. At first, the publication statistics in the area of interest was presented. A limited keywords search of "Model predictive control" and "Pulp and paper"
revealed that majority of the published articles are focused on the control of papermaking machines followed by pulping process. The articles were categorized in six
groups: pulping, paper-making, bleaching, chemical recovery, plant wide and others,
where "others" jointly represents steam network, effluent treatment plant, power plant,
and etc. A recent increase in articles related to MPC for steam network and effluent treatment plants is also noticed (Figure 3.1). A further investigation unveiled that
majority of the articles that explored MPC for pulp digester control were based on
empirical-linear models. Additionally, blow-line Kappa number control was mostly
studied topic in this cases (Figure 3.2).
The literature survey identified that measurement devices or sensors targeting pulp
digester control are not well developed. Traditionally, reliable measurement of process
parameters that are important for pulp digester control have been mostly performed
by manual laboratory testing. Although advanced measurement techniques for reliable
and online measurement of important parameters are emerging, but majority of these
sensors are not used for process control. The survey emphasized the need of integra-
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(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).

tion between state of the art measurement devices and advanced control techniques
for the tighter control of blow-line Kappa number.
Subsequently, an FFMPC approach for pulp digester control is proposed in the second half of the paper. Particular focus was on the use of near-infrared spectroscopy
based soft-sensors coupled with dynamic process models as an enabler for the proposed approach. An conceptual framework of the FFMPC approach was presented
along with the description of each individual components. The framework provides
the basis for answering research question RQ2.

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, April).
Model based Control and Diagnostics strategies for a Continuous Pulp Digester. In
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Proceedings of the 11th Annual TAPPIConference 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 different quantities (i.e. Kappa
number, rest alkali and so on) along the digester length are obtained. Step changes in
important parameters are also performed to analyze the model sensitivity to different
parameters. Additionally, the model is calibrated and validated by using the time series data from a 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 was used as the measured disturbance. The lower heater circulation
temperature of the digester was selected as manipulated variable and Kappa set point
as the measured output. As can be seen from Figure 3.4, the developed FFMPC was
able to keep the Kappa close to the set point by reducing the lower heater circulation
temperature.

Figure 3.3: Framework for feed-forward MPC and diagnostics for continuous pulp
digester. (Paper II).

In an effort to answer research question RQ3, pulp digester (soft) faults i.e. screen
clogging, hang ups and channelling were studied in this paper. A Bayesian network
based diagnostics approach was 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.
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Figure 3.4: Measured output and manipulated variable response to step change in
measured disturbance (Paper II).

3.3

Paper III: Diagnostics-Oriented Modelling of Micro Gas Turbines for Fleet Monitoring and Maintenance Optimization.

Rahman, M., Zaccaria, V., Zhao, X., and Kyprianidis, K. (2018).DiagnosticsOriented 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)
Paper III is related to the micro-CHP case study. It describes a multi-layer approach
for monitoring and diagnostics of MGT fleet. The paper is intended to partially answer
research question RQ1 and RQ3. The paper begins by outlining the importance of automated health monitoring system for MGTs and limitation of both physics-based and
data-driven approaches for developing such system. Subsequently, a literature review
on performance-based gas path diagnostics was presented. In order to answers the 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
reduce model-plant mismatch. Overall, the model offered acceptable accuracy after
tuning while compared with the performance test results of a commercial MGT unit
(Figure 3.5).
With aim of answering question RQ3, a dual-layer diagnostics approach for detecting the location and magnitude of different component faults was investigated in this
paper. The first layer was based on analysis by synthesis (AnSyn), where the performance deltas corresponding to each component faults were calculated from real-time
measurements by using the adaptive MGT model. The second layer was a signature
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Figure 3.5: Comparison between tuned model and performance test results at the
nominal and part-load operation (Paper III).

based algorithm where fault signatures were calculated using the MGT model and
compared with the simulated faulty engine data. Thereafter, correlation function and
linear regression were applied to get 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 analysis were performed to evaluate the robustness of the proposed approach against measurement uncertainties. The
result shows that even under measurement uncertainties the algorithm can detect almost all the implanted faults with acceptable accuracy.

3.4

Paper IV: An Approach for Feed-forward Model
Predictive Control of Continuous Pulp Digesters.

Rahman, Avelin, A., and Kyprianidis, K. (2018). An Approach for Feed-forward
Model Predictive Control of Continuous Pulp Digesters. (Submitted to Journal of
Process Control).(Journal manuscript)
Paper IV is a journal manuscript. The modelling and control approach that proposed and developed in Paper I and Paper II was implemented and validated in Paper IV. This paper exclusively answered research questions RQ1 and RQ2. First and
foremost, the paper presented an extensive literature review and research gap analysis
about the modelling and predictive control of pulp digesters. The study emphasized
the need of developing a generic pulp digester library that could be used for modelling digesters with different dimensions, configurations and types. It also identified
research gap in the area of integrating emerging state-of-the-art sensors to improve
the performance of the predictive controllers.
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 was developed and compared against nonfeed-forward MPC (NFFMPC), PID and current industrial control strategy to answer
research question RQ2. Overall, the FFMPC approach provided a smoother response
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Figure 3.6: Responses from different MPCs and PIDs under step change in Kappa
number set point (Paper IV).

without major oscillations despite the presence of high-frequency output noise (Figure 3.6).
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4. Results and Discussion

This chapter presents the results and discuss the outcomes of this research for the
purpose of answering the research questions. The chapter is organized as follows.
The results for the pulp and paper case study is presented at the beginning, followed
by the results for the micro-CHP case study.

4.1

Learning System for Process and Energy Industry

To achieve higher productivity, product quality and process efficiency, a supervisory
system of a modern process and energy Industrial plant need to perform various activities such as outputs prediction, models adaptation, control optimization, anomaly
detection, diagnostics and decision supports. In order to enable the supervisory system
to deliver these functionalities, a generic learning system architecture is developed in
this research that can be retrofitted to existing supervisory system of a Industrial plant.
The architecture is very flexible and modular, so that relevant functionalities can be
selected for a particular case study on plug and play basis.

Figure 4.1: Learning system architecture for process and energy Industry.
As can be seen from Figure 4.1, the learning system utilize the sensor measurements from existing plant. Typically, a plant have lot of sensors to measure important
process parameters such as temperatures, flow rates, pressures, chemical strengths,
levels, rotation speeds, currents, voltages, powers and so on. Normally, the sensors
are connected to a data acquisition system (DAS) that can be a separate system or
part of the DCS. In both case, the sensor reading are finally written/saved to the data
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historian. Additionally, the architecture allows integration of state-of-the-art sensors
for measuring feed-stock properties that lies at the centre of the feed-forward control approach proposed in this research. The Gray area of Figure 4.1 represents the
learning system that can be implemented either via a web-based solution or running
locally in a computer. The measurements from the plant data historian are collected
and different data filtering techniques are performed to remove outliers. Trend analysis on the data are carried out to track the pattern on 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) where information fusion technique is applied to provide robust decision support. The architecture also allows connection with 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 pulp and paper case
study. As identified from the literature review, monitoring and control of the continuous pulp digester is one of the most critical problem faced by any Kraft pulping
mill that needs further research. To tackle this issue the integrated learning system
architecture have been adapted for pulp and paper case study (Figure 4.2). Individual
components of this architecture are developed and tested in this research.

Figure 4.2: Learning system architecture for Kraft pulping mills.

4.2.1

Continuous Pulp Digester Model

A modelling library for the pulp digester was developed in Modelica. It was built as
a generic library so that digesters with different dimensions, configurations and types
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can be modelled by connecting different components together. To do so, a generalized
continuous stirred-tank reactor (CSTR) segment was created with all mathematical
equations that act as the building block of the pulp digester model. Additional components such as mixtures, heat exchangers and connectors were also created. All the 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 velocity differences between chip column and free-liquor. A detailed description of the pulp digester mathematical model can be found in Paper II and IV.

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 number and
extraction liquor rest alkali (RA) are two important output variables that needed to
be controlled. The Kappa number is related to the pulp quality and the RA is related
to the chemical consumption hence the economics of the plant. The Kappa number
measurement was available from both online analyzer and laboratory measurement in
the pulp mill under consideration. However, the Kappa number was calculated using
the following equation for modelling purpose,
κ = ΘLK
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(Xs,1 + Xs,2 )
,
∑5i=1 Xs,i

(4.1)

where ΘLK is the empirical regression coefficient that relates the Kappa number
with the lignin fraction of the produced pulp. Indisputably, Kappa number shows linear 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 by regressing
laboratory pulping data, and used a value of 653.595 for ΘLK for softwoods.
By using the model, it is possible to estimate Kappa numbers at different positions
in the digester that can also be used as a soft sensor. Moreover, the yield at the blowline 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=

∑5i=1 Xs,i (blow line)
,
∑5i=1 Xs,i (digester inlet)

(4.2)

In order to tune the pulp digester model, a careful mapping of digester constants
and estimation of a set of parameters was carried out in this research. The dimensions
of a commercial digester were acquired from the digester drawings, and piping and
instrumentation diagram (P&ID), which are 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 are considered so that the physical meanings of these parameters are 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 resulted 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 details. For this study, sensor measurements corresponding to nominal operation of the digester were used as model inputs. The development of important process variables along the digester length were analyzed. As
can be seen from Figure 4.4(a), due to the lower temperature and fact that the penetration of the fresh liquor just started in the top part of the digester, the Kappa number
decreases only slightly in the impregnation zone. As the temperature increases in the
heating and cooking zone, the Kappa number decreases rapidly. The Kappa number
stop reducing further in the washing zone as the reaction is quenched by cooler and
diluted washing liquor. The temperature profile along the digester length presented in
Figure 4.4(b). The temperature increases in the heating zone as a result of the heat
addition by the re-circulation heaters. While the temperature increases in the cooking
zone due to the heat of delignification reaction. The treads of the temperature change
are in-line with the trends reported in literature (Kayihan et al., 1996).
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Wood chips flow-rate
Wood chips temperature
Wood chips lignin content
Wood chips moisture content
White liquor flow-rate
White liquor temperature
White liquor effective alkali (EA)
White liquor Sulfidity
Black liquor flow-rate
Black liquor temperature

Inputs
Upper heater flow-rate
Upper heater temperature
Lower heater flow-rate
Lower heater temperature
Lower extraction flow-rate
Wash circulation flow-rate
Wash circulation temperature
Wash liquor flow-rate
Wash liquor temperature
-

Table 4.1: List of digester model inputs and outputs.

Blow-line Kappa number
Blow-line Yield
Upper extraction flow-rate
Upper extraction temperature
Upper extraction rest alkali (RA)
Upper heating zone temperature
Upper heating zone effective alkali (EA)
Lower heating zone temperature
Lower heating zone effective alkali (EA)
Retention time

Outputs

(a) Kappa number

(b) Temperature

(c) Effective alkali (EA)

(d) Hydro-sulfide (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
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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 respectively. 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 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 porosity increases from digester top until bottom where it is constant. The
increase in chip porosity caused by the gradual increase of void inside the chips due to
the chemical reactions. On the other hand, the free liquor volume fraction decreased
along the digester top to bottom due to the progressive compaction of the chip bed
along the digester length. This happens mostly due to the gravity and the 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 by the
cold and diluted wash liquors. The chip and free-liquor velocity profiles are displayed
in Figure 4.4(g) and (h) accordingly. The chip velocity decreases from the digester top
to the bottom as a result of higher degree of compaction. The liquor velocity remains
steady in the impregnation zone. Two sudden bump of liquor velocity in the heating
zone corresponds to the two heating circulations. The liquor velocity increase 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 in impregnation to the cooking zone. The negative liquor velocity at the
washing zone reflects that the liquor flows opposite to the chip flow. This result in
a discontinuity at the extraction zone. The sudden bump at the end of the digester
represents the wash liquor heating re-circulation flow.
With the purpose of validating the pulp digester model, simulations were carried
out where real measurements from a commercial pulp digester are used as the model
inputs. For validation purpose, it is always preferable to avoid abrupt changes in process variables and maintain the production rate close to the nominal value. However,
due to the operational practicality this was not possible. Simulation were performed
with two weeks of operational data with one minute instantaneous values, 15 minutes of instantaneous values and 15 minutes average values. However, it was found
that the results does not vary significantly between one minute instantaneous values
and 15 minutes average value. Hence, two weeks of digester operational data with
15 minutes sampling frequency were used. To remove outliers, the data are filtered
for not-a-number (NAN), unrealistic negative, out-of-range and missing values. The
simulated Kappa number of produced pulp, residual alkali of the extraction liquor and
temperature of the free liquor before the re-circulation heat exchangers are compared
with the actual plant measurements in Figure 4.5 to 4.8 chronologically.
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Figure 4.5: Comparison between actual and predicted Kappa number (Paper IV).

Figure 4.6: Comparison between actual and predicted rest alkali (RA) (Paper IV).
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Figure 4.7: Comparison between actual and predicted temperature before upper recirculation heat exchanger (Paper IV).

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

Table 4.2: Modelling error of the physical model.
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Standard Error
(SE)

Mean Absolute
Error (MAE)

Root Mean Squared
Error (RMSE)
5.0998

Kappa number

-0.0907

3.6513

Rest alkali (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

For the quantification of modelling error, standard error (SE), mean absolute error
(MAE) and root mean squared error (RMSE) are calculated and reported in Table 4.2.
As can be seen from Figure 4.5 and 4.6, the modelling error for Kappa number and
RA is mostly between 0 to 5%, which the exception of a few peaks. The modelling
for temperatures error is less than 2% for a majority of the time (Figure 4.7 and 4.8).
Some of the model-plant could be due to the data filtering. Further mismatches could
be due to process 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 the 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 digester
model, a series of sensitivity analysis was performed as 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 are tracked. Overall, 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 can be seen from Figure 4.9. The initial delay is associated with the retention time of the pulp digester, while 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 chips lignin and moisture content variation on Kappa number. Interestingly, the variation in lignin content shows a faster response and a small overshoot in
comparison to the moisture content. Moreover, the effect on Kappa number for lignin
content variation seems much higher than the moisture content. Such statement can be
misleading sometimes, as the normal range for the magnitude of the lignin and moisture content variation are not known for the particular pulp mill. It is worth noting
that the step change in moisture content shows non-minimum-phase zero behaviour,
meaning as a effect of change in the input parameter the output initially moves to
the opposite direction before it moves back to the right direction. Normally, feedback
controls such as PIDs have difficulty in controlling non-minimum phase systems. As
can be seen from the Figure 4.9(c), (d) and (e), except sufidity both flow rate and EA
of the white-liquor have high influence on the blow-line Kappa number. In addition,
both shows higher degree of non-linearity while compared with white-liquor sulfidity
and wood chips properties. The non-linearity is even more noticeable in case of lower
heater temperature variation, as shown in Figure 4.9(f). In practise, only the lower
heater temperature temperature is manipulated while the other is kept constant. As a
result, the sensitively of Kappa number over upper heater temperature has not been
included in this dissertation. However, such study was reported in Paper IV, which
shows that the lower heater temperature have larger impact on the blow-line Kappa
number compared to the upper one.
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(a) Chips lignin content

(b) Chips moisture content

(c) White-liquor flow rate

(d) White-liquor effective alkali (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 tacking the control problems associated with the 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, particular focus is on the use of
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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.

NIR spectroscopic measurement technique is used for measuring the lignin content. Typically, multivariate linear regression models are developed for this purpose
that relates NIR spectroscopic measurement 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 earlier 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 the digester to
meet control set-points. In this case, a state-space model identified from the physical
model is used for developing 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 calculated 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 identify a statespace model in following form:
xt+1 = Axt + But + Kdt ,

(4.3)
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yt = Cxt + Dut + dt ,

(4.4)

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 model validation. 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 residual alkali were simulated using
the validated physical model. According to result presented in Paper IV, the identified
state-space model can follow the physical model closely enough to meet the purpose
of developing a MPC around it.
Subsequently, the definition of the optimization problem is formulated. It consists
of an objective function also known as cost function and multiple constraints as depicted below:
p

c−1

min f (u) = ∑ (y(u) − yset )T W (y(u) − yset ) + ∑ dui T Si dui ,
i=1

(4.5)

i=0

subject to constraints:
umin < u < umax
∆umin < ∆u < ∆umax

∀i [0, c − 1],

∀i [0, c − 1],

(4.6)
(4.7)

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 instances. In this minimization, a sequence of manipulated
variables u is calculated over a control horizon with m samples.
With the purpose of assessing the effectiveness of the proposed MPC scheme, the
performance of the FFMPC was compared against a NFFMPC and current industrial
scheme of a operational pulp digester with manual control based on operators experience. MATLAB's MPC Designer toolbox was utilized for the simulation trials presented here. For NFFMPC, eight of the most influential input variables, excluding the
lignin content were selected as measured disturbances. In FFMPC, along with these
input variables, lignin content was added as a measured disturbance. In both cases,
the Kappa number and RA were chosen as measured and unmeasured outputs respectively, while lower heater temperature was used as the manipulated variable. The
upper heater temperature is kept as a constant following the industrial standard. Multiple 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
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NFFMPC, the prediction horizon and control horizon were chosen to be 60 sampling
periods and 3 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 reference signal for the blow-line Kappa number was assumed to be a constant. Measurements
from actual digester operation were used to capture the process disturbances that usually occur during the operation of a digester. Since, the lignin content measurements
were not available directly, a repeated sinusoidal variation in lignin content of ±10%
over 12 hours was assumed. Band-limited white noise was also added on the top of
the sinusoidal noise. By doing so, it was possible to obtain a realistic measurement
variation and noise for lignin content as presented previously 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, normally distributed white noise are added to model output Kappa number
before feeding it back to the MPCs.

Figure 4.11: Comparison of output response for different control schemes (Paper IV).
According to Figure 4.11, the simulated response from both the MPC approaches
show that the controllers can follow the desired Kappa number set-points closely without any major deviation. There are some minor deviations characterized by the sudden changes in wood chip flow-rates. However, overall the FFMPC provided better
control in terms of rejecting disturbances and minimization 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 manipulated variable or controller effort for both the MPCs as shown in
Figure 4.12 indicate that the controllers can achieve the control objectives without
violating the constraints. Moreover, the gap between MPC and manual control curves
explain the ineffectiveness of manual control only based on operators experience for
Kappa number control.
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Figure 4.12: Comparison of controller effort for different control schemes (Paper IV).

In Paper IV, the performance of the MPCs were 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 controllers are not adequate for
controlling the end-point Kappa number.
Table 4.3: Average output error for different control schemes.

Kappa number

FFMPC

NFFMPC

Manual control

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 performance of
FFMPC is superior to its alternatives. The average value of output error for FFMPC
and NFFMPC are 0.1271 and 0.3804 Kappa number respectively that are much
smaller than the current industrial control scheme. From the simulation results, it can
be summarized that both the FFMPC and NFFMPC structure provides better tracking
performance when compared to the current industrial control of a continuous pulp
digester. The FFMPC performs superior to the NFFMPC by utilizing additional
information about the properties of the incoming wood chips.

4.3

Learning System for Micro Gas Turbines

The results for the micro-CHP case study is presented in this section. To provide solution to the problems highlighted in the literature review, the integrated learning system
architecture have been adapted for micro-CHP (Figure 4.13). Each layer in the archi-
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tecture represent a individual MGT of a fleet. Flexible structure of the architecture
allows easy modification of the architecture for a MGT fleet. Physics-based model
and diagnostics part of this architecture are developed and tested in this research. A
conceptual HMI of such a system is reported in Figure 4.14. The blue and red circles
represents health and faulty engines respectively. Specific information about the fault
or status of the engines can also be accessed from such a HMI.

Figure 4.13: Learning system architecture for MGT fleet monitoring.

Figure 4.14: Conceptual human machine interface (HMI) for MGT fleet monitoring.

4.3.1

Model-based Diagnostics of Micro Gas Turbines

In this research, a commercial MGT with CHP configuration is considered for developing model-based diagnostics scheme. It is a single-shaft, radial, recuperated MGT
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manufactured in CHP configuration with 3.2 kW electric and 16 kW thermal output.
The schematic layout of the micro-CHP unit is presented in Figure 4.15.

Figure 4.15: Schematic layout of the MGT in CHP configuration (Paper III).
In order to develop a model-based diagnostics scheme for MGT fleet, a diagnosticsoriented model of MGT is developed by using an in-house Fortran-based gas turbine
modelling tool known as EVA. A modular modelling technique is used where models
for all the gas path components, i.e., compressor, recuperator, combustor and turbine
including duct and rotating shaft are developed and connected together. The detail
description of the mathematical model can be found in Paper III.

Figure 4.16: Scheme for MGT model tuning (Paper III).
Since the MGTs under study are manufactured by using the COTS components
from automotive turbocharger industry, these components typically have high production scattered. Hence, a single based line model for the diagnostics of the MGT
fleet cannot be used. To account for the unit to unit variation and reduce model-plant
mismatch, a model tuning scheme is developed as depicted in Figure 4.16. The measurements from the healthy engines are used to back-calculate the performance deltas
by using a tuneable MGT model. Here, the performance deltas are the deviations in
components performance parameters, i.e. efficiency and flow capacity of the turbine
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and compressor, effectiveness and pressure drop of the recuperator. The modelling
error for the tuned model at nominal load against the performance test results of a
commercial MGT unit is presented in Table 4.4. As it can be seen, the simulated
model have acceptable accuracy at the nominal load. It is important to note here that
the diagnostics scheme tested in this research was actually applied at nominal load.
Table 4.4: Modelling error at the nominal load (Paper III).
Variables
Shaft power
Compressor outlet pressure
Combustor inlet temperature
Shaft speed
Turbine outlet temperature

Modelling Error (%)
0.02
-0.26
-0.01
0.00
0.00

Subsequently, a multi-layer approach for component-level fault diagnostics was
proposed and tested in this research. The proposed approach for the MGT fault diagnostics is presented in Figure 4.17. The first layer of the diagnostics approach is
known as AnSyn where performance deltas corresponding to each component faults
are calculated by using online measurements of a MGT unit. In addition to this, a second layer of signature-based diagnostic scheme was introduced where exchange rates
were calculated from the online measurements using the MGT model and compared
with the simulated fault signatures. Pearson product-moment correlation coefficient
(PPMCC) was calculated to identify the location and linear regression was applied to
get the magnitude of the fault.
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Figure 4.17: Multi-layer fault diagnostics approach for the MGTs (Paper III).

In order to assess the performance of the proposed diagnostics scheme,
components-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

Drop in isentropic efficiency (∆ηcomp. )
Drop in flow capacity (∆FCcomp. )

Turbine

Drop in isentropic efficiency (∆ηturb. )
Drop in flow capacity (∆FCturb. )

Recuperator

Drop in effectiveness(∆εrec. )

Duct

Flow leakage from compressor outlet duct

Shaft/ Bearings

Drop in shaft efficiency due to increased bearing loss

The result for the cases with single faults is compiled in Table 4.6. As can be seen,
the location and magnitude of all the single faults except the flow leakage and the shaft
loss can be detected by the AnSyn step. This is due to the fact that there are seven dif-
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ferent faults but only five measurement and health parameter pairs used in the AnSyn.
This necessarily means that the effect of flow leakage and shaft loss will be scattered
over other performance deviations that are included in the AnSyn. In order to identify
these faults without the need of increasing the number of required measurements, a
signature-based algorithm was applied as the second layer of fault diagnostics. By
doing so all the implanted faults were detected with acceptable accuracy.
Table 4.6: Result for cases with single fault (Paper III).
Cases

∆ηcomp.
∆FCcomp.
∆ηturb.
∆FCturb.
∆εrec.
Flow Leakage
Sha f t loss

Implanted
fault
magnitude

-1.500
-1.500
-1.500
-1.500
-1.500
1.500
1.500

Detected fault magnitude using
AnSyn

Signature-based

-1.500
-1.500
-1.500
-1.500
-1.500
-

-1.511
-1.506
-1.509
-1.503
-1.500
1.506
1.508

Results from the AnSyn and signature-based scheme for simultaneously occurring
multiple faults are summarised in Table 4.6. As expected, AnSyn was 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 the faults magnitude with some level of error. One way to improve
the accuracy of this step could be inclusion of more measurement for the regression.
However, as mentioned earlier a limited number of measurements are available in
reality for such analysis. Another way would be taking advantage of the accuracy
of AnSyn when both the diagnostic layers come up with the same faults. Overall,
the proposed multi-layer approach shows acceptable performance even with limited
number of available measurements. On the downside, in case of a sensor faults, the
corresponding measurements along with their associated performance delta need to be
removed from the analysis. This will unavoidably effect the accuracy of the diagnostic scheme and may result in false alarms. To evaluate the robustness of this diagnostics approach under measurement uncertainties (particularly sensor noise), sensitivity
studies for different gas path parameters were performed and presented in (Paper III).
The result concluded that even under measurement uncertainties the scheme can detect the faults with acceptable accuracy.
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Table 4.7: Results for cases with multiple faults (Paper III).
Detected fault magnitude using
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Cases

Implanted
faults

Fault
magnitude

AnSyn

Signature-based

1

∆ηcomp. :
∆FCcomp. :

-1.500
-1.000

-1.500
-1.000

-1.486
-0.973

2

∆FCcomp. :
∆FCturb. :

-1.500
-1.000

-1.500
-1.000

-1.262
-0.958

3

∆ηcomp. :
∆ηturb. :

-1.500
-1.500

-1.500
-1.500

-1.520
-1.522

4

∆FCcomp. :
∆ηturb. :

-1.000
-1.500

-1.000
-1.500

-0.948
-1.505

5

∆ηcomp. :
∆FCcomp. :
∆εrec. :

-1.000
-1.000
-1.500

-1.000
-1.000
-1.500

-0.984
-1.002
-0.993

6

Flow Leakage:
∆FCcomp. :

1.000
-1.500

-1.500

0.999
-1.527

7

Sha f t loss:
∆ηcomp. :

1.500
-1.500

-1.500

1.525
-1.517

5. Conclusion

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

To maintain profitability under rapidly changing economic condition,
intense global competition and stringent environmental regulations, modern process
and energy industries need to adapt quickly. Hence, improving the product quality
and process efficiency while reducing the production cost and plant downtime are
the top priorities. This is one of the major driver for developing new methods and
tools that can be incorporated with the existing industrial automation systems to take
advantage of optimal operation and control. Developing such methods, tools and
frameworks for process and energy industry lies within the primary focus of this
research. In relation to the research questions that are 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 prerequisite for the development of integrated
system for optimal control, diagnostics and decision support. However, high accuracy always comes with increased level of complexity that is not desirable for models that need to be run online in a faster frequency. Hence, in this dissertation modelling approaches are selected carefully so that the developed models are lighter
enough to run online and provide acceptable accuracy to be useful for monitoring
and control application. It was found that simplification like lumped approximation
and "perfect mixing" with many continuous stirred-tank reactors (CSTR) resulted
in continuous pulp digester model with acceptable accuracy, given the complexity of the delignification reaction. At the same time, a simplified modular model
of micro gas turbine based on component characteristic 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 take care of the radial variance of model properties. However, that will increase
the number of CSTR components and thus will become computationally heavy.
Another aspect that is affecting the model accuracy is the assumption of constant
residence time along the digester width. However in really, chips travel faster at the
centre part of the digester than the circumference. For the micro gas turbine, the
model accuracy is mainly affected by the lack of components performance data.
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The recuperator effectiveness assumed to be constant, but seems to change at part
load. The compressor and turbine maps used are not representative as modifications
are performed on the turbo-machinery but the maps are still from turbo-charger
manufacturer.
• Being conceptually more complex than data-driven models, physical models are
capable of capturing the process behaviour in a wider range of operating conditions. However, without proper tuning these models often result in discrepancy
between model outputs and real-plant responses. Moreover, usually plant components deteriorates over time due to natural wear and tear that can results in modelplant mismatch. Hence, robust model adaptation techniques are essential to reduce
model-plant mismatch. Some of the challenges for developing such techniques areselection of data set for adaptation, data pre-treatment, hard to segregate between
process faults and time-dependent slow degradation, varying process conditions
and selection for parameters for adaptation. The parameters in a physical model
can have specific physical implications that can be very useful for the developing
adaptation methods. Though understanding of the process is a prerequisite for selecting the parameters for adaptation. For the pulp digester case, a detailed review
of the existing literature and sensitivity analysis of different parameters are carried
out. Eventually, among all the model parameters, a set of three parameters corresponding to reaction rates i.e. stoichiometric coefficients for EA and HS consumption and the reaction-rate multiplier were selected for 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 model tuning purpose.
RQ2: To what extent the control of a complex industrial process can be improved
by combining soft-sensor and model predictive controller (MPC)?
• According to the literature survey, clear research gap exists in the area of integrating emerging state-of-the-art measurement techniques to improve the performance
of the predictive controllers for the complex industrial processes. The concept is
particularly interesting for the control of continuous pulp digester. Kraft pulping
process is well-known for its complexity due to naturally varying feed-stock, significant residence time, insufficient measurements and 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, therefore directly linked to
the wood chips lignin content at the inlet of the digester. This research focuses on
an innovative approach of feed-forwarding the near infra-red (NIR) spectroscopybased lignin-content measurement to an MPC in order to minimize the blow-line
Kappa variability.
• In order 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 error, the performance
of FFMPC is superior to its alternatives. The average value of output error for
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FFMPC and NFFMPC are 0.1271 and 0.3804 Kappa number respectively that are
much smaller than the current industrial control scheme, 6.1899 Kappa number.
• Tracking performance of the developed controllers are also analyzed. Overall, the
FFMPC approach provided a smoother response without major oscillations despite
the presence of high-frequency output noise.
RQ3: How to utilize and combine different models to improve decision support at
different levels i.e. DCS, CMMS, MES and ERP systems for operators, engineers and managers?
• The development of an integrated learning system for optimal control, diagnostics
and decision support for a Kraft puling mill and a micro-CHP fleet studied in this
research. In this task, one of the main challenges arise from the fact that both the
case studies are quite different from each other in terms of size, functions, quantity
and existing automation system. Typically, there are only a few pulp digesters are
located in a Kraft pulping mill, but there could be hundreds of units a micro-CHP
fleet. As a stepping stone towards the goal of this dissertation, a generic learning
system architecture is developed that can be incorporated to existing supervisory
system of any process and energy industrial plant. The architecture enable inclusion
of different functionalities as different modules. Hence, it can be adopted easily according to the different requirements of different cases. The architecture is flexible
enough to be implemented in a remote server with a web-based interface or running
locally in a isolated server. In this dissertation adopted version of the architectures
for pulp and paper and micro-CHP cases are reported, which are demonstrated in
reality within FUDIPO project.
• The MGT model was used to develop a multi-layer approach for monitoring and
diagnostics of MGT fleet. The result shows that the proposed diagnostics approach
performs satisfactorily even under measurement uncertainties. The outcome of
such 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 become recurrent
for many of the engines, the manufacturer can look into the issue for future modification or upgrades.
• 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 will utilize the previously calculated deviations to detect digester faults.
The concept could not be validated due to lack of fault related data and is something
identified for future activity. The system is also intended to provide suggestion to
the operators for corrective action. While the engineers and managers can look at
the problems for further analysis or maintenance planning.
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6. Future Works

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

• The physics-based diagnostics scheme for pulp digester need further development.
Also a validation technique need to be in place for this.
• In this dissertation a linearized pulp digester model is used for the development of
the feed-forward model predictive control approach. In future full model will be
used for the development of the controller.
• To investigate customized data pre-treatment techniques for different functional
algorithms. The accuracy of the prediction models, model predictive control and
diagnostics tools is highly dependent on the input data both in the development
and deployment stage. Each of the modular tools may have different requirement
on data pre-treatment. Hence, such a study suppose to enhance the performance of
different functional tools.
• A individualized sensor faults diagnostics need 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.
• To develop methods and tools for decision support by using multi-source information fusion techniques. The preferred approach will be use of probabilistic method
such as Bayesian network. This will necessarily allow quantification of confidence
linked to each decision. Moreover, when ever a additional information becomes
available, the belief on an certain outcome can be updated immediately. The possibility of fed additional information from a human operators makes it a very powerful tool in an industrial setup.
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ABSTRACT
Due to the naturally varying feedstock, significant residence time, insufficient measurements and complex nature
of the delignification process, producing pulp with consistent quality i.e. stable kappa number with sufficiently high
yield is a challenging task that requires multi-variable process control. A wide variety of control structures, ranging
from classical concepts like cascade control, feedforward, ratio control, and parallel control to more modern
concepts like model-based predictive control, is used in pulp and paper industries all over the world. In this paper,
a survey of model-based predictive control will be presented along with the control challenges that lie within the
chemical pulping process. The potential of this control concept for overcoming the aforementioned technical
challenges will also be discussed in the second part of the paper. Particular focus will be given on the use of nearinfrared spectroscopy based soft-sensors coupled with dynamic process models as an enabler for feedforward
model-based predictive control. Overall, the proposed control concept is expected to significantly improve process
performance, in the presence of measurement noise and various complex chemical process uncertainties common
in pulp and paper applications.
Key words: Pulp and paper, Kraft pulping, soft-sensors, near infrared spectroscopy, pulp digester model,
feedforward model predictive control.
INTRODUCTION
The pulp and paper industry converts cellulosic fibers, generally wood, recycled paper, and agricultural residues
into pulp and various types of paper products. Depending upon the final product, a pulp and paper manufacturing
operation can be divided into two entities: pulp mill and paper mill. Pulp mill and paper mill may exist within an
integrated plant or as separate plants. Typically, the production of pulp from the raw materials take place in the
pulp mill; while in the paper mill, the manufactured pulp is used to produce different paper products. Due to the
declining market size [1], higher international competition [2], and stringent environmental regulations [3], pulp
and paper industry facing tremendous challenges to maintain their profitability. Hence, improving the product
quality and process efficiency are matters of utmost importance in order to reduce the production cost and
maintain competitive advantage. On the fiber line side, such targets can be translated into producing pulp with
desired brightness and yield with acceptable strength, while on the paper machine side the goal is to produce
continuous sheet with uniform properties that are within predefined limits. Generally, the process components are
designed to meet these objectives. However, in reality due to the external disturbances and inherent variabilities,
the process variables deviate from their prescribed values. This is where the control system is necessary to actively
maneuver the process so that the process variables are within the prescribed values. Due to the complexity
involved, pulping and papermaking processes requires multi-variable process control. Model predictive control
(MPC) is widely accepted as a superior control strategy over the classical methods when it comes to multi-variable
process control.
MPC is about predicting future behavior of a plant by using a plant model, measurements or estimates of the
current state of the plant and a hypothetical future input trajectory or feedback control policy [4]. In simple words,
MPC utilizes measurements from the plant to make future predictions based on a plant model. Primarily
developed for satisfying the specific control requirements of petroleum industry, at present MPC can be found in a
wide variety of application areas including pulp and paper, chemicals, food processing, pharmaceutical, power and
automotive industry [5]. Significant reduction in process variability and considerable economic benefits are
reported while MPCs are used in combination of soft-sensors[6]–[9].

Soft sensors are inferential estimators, based on mathematical models that are widely used to estimate process
variables that are difficult or even impossible to measure online [10]. Often several measurements are processed
together from a single measurement device. Soft-sensor output can be control signals, information for process
monitoring, predictions of product quality, information on process or sensor defects.
REVIEW ON MODEL BASED PREDICTIVE CONTROL IN PULP AND PAPER INDUSTRY
A large number of literature can be found related to model based predictive control and a handful of those are
focused on pulp and paper application, but to the best of the authors’ knowledge, no recent comprehensive
review has been published on this topic.
An incomplete keyword search in Scopus, Google Scholar and IEEE database, followed by a manual sorting resulted
in more than 130 conference and journal papers related to “Model predictive control” in “Pulp and paper”
industry. The focus of these research works can be categorized in six main groups: pulping, papermaking,
bleaching, chemical recovery, plant wide and others, where “others” mainly represents steam network, effluent
treatment plant, power plant, and etc. As shown in Figure 1(a), majority of these papers focused on the control of
papermaking machines followed by pulping process. Furthermore, a recent increase in research interest are
observed in the area of MPC for steam network and effluent treatment plant control, which is represented by
“others” in Figure 1(b). This phenomenon can be linked to the recent movement on energy efficiency
improvement and stringent environmental regulations.

Figure 1: Distribution of publications regarding MPC for pulp and paper application (a) according to the defined
group and (b) over the years.
A further analysis has revealed that only 24 of these 130+ papers are about the MPC for digester control (both
batch and continuous digester), which is the core interest of this paper. According to Figure 2, there are
predominance of studies based empirical-linear models and Kappa number control.

Figure 2: Distribution of publications according to (a) the digester model type and (b) main controlled variable
(inner circle shows overlapped categories).

Although model predictive control has been widely studied and used since the early seventies, studies targeting
the pulp and paper industries were not very common until late eighties. Initially most of the research efforts were
concentrated around the control of individual process components like paper machine, headbox, evaporation
plant, chip refiner, digester etc. Unlike plant wide control, these control approaches cannot address the
interactions between different process components that are heavily linked with one another in a pulp and paper
mill. Conventionally surge tanks were widely used between different process components in pulp and paper mills
to isolate dynamic responses by mixing operations [11]. Using surge tanks with typical residence time ranging from
20 minutes to 5 hours, can also be beneficial as they can provide buffer in case of plant failures. However, on the
downside, they are capital intensive and can slow down grade change or switching operations.
Some of the early version of predictive control algorithms are- Dynamic Matrix Control (DMC), Model Algorithmic
Control (MAC) and Generalized Prediction Control (GPC) [12]. Almost all of these control strategies are based on
linear plant models developed mostly from process experiments. Multiple factors contributed to this early
adoption of linear plant model instead of non-linear plant models. Difficulty of obtaining reasonable and
computationally efficient nonlinear process model, insufficient computation power and cost of switching from
existing control systems are a few of them.
An extensive overview of model based predictive control for pulp and paper industry is presented in Ref. [11].
Along with the brief process description, author enlisted the control objectives for each element of a pulp and
paper plant. The grade change problem, the use of nonlinear first-principle models for MPC, plant wide
optimization and control are anticipated as future research direction in this literature.
Early research efforts that used the term “Model predictive control” for digester control are ref. [13] & [14]. In ref.
[13], a linearized model developed based on Purdue model, was used to predict Kappa number for continuous
Kamyr digester. In this work, lower heater outlet temperature and alkali flow rate at the top of the digester were
used as manipulated variables. In ref. [14], it was verified that a reduced order model is adequate for the reliable
control of Kappa number in a batch digester. It was also showed that the proposed MPC can address significant
errors in the initial estimates if the model parameters can be adapted efficiently.
Several other researchers also examined the possibilities of controlling Kappa number in the continuous and batch
digester in last few decades. Taha and Dumont [15] successfully implemented MPC control into the Distributed
Control System (DCS) of Prince George pulp mill at British Columbia to reduce Kappa number variation and control
digester level. A simplified version of the Hatton model and a controlled auto-regressive integrated moving
average process model are used respectively for these purposes. Robert et al. [16] proclaimed that gain scheduling
and process linearization methods should always be preferred over online estimator unless the process gain
changes unpredictably. In this work the author uses an approach based on modeling the reaction kinetics for
Kappa number control, and gain scheduling for controlling automatic grade change. Dorsey and Lee [17] proposed
a general methodology based on subspace identification to convert batch plant data into prediction models. The
methodology is verified by identifying a linear model for batch pulp digester and constructing model predictive
controller and a multi-rate Kalman filter. Doyle and Kayihan [18] argued that controlling the Kappa number profile
instead of the outlet Kappa number can offer a tighter control of the pulp quality. They used subspace
identification techniques to develop a state space model predictive control algorithm which resulted in reduced
Kappa number variability. Similar technique of profile control by MPC is employed for grade transition operation
by Doyle and Puig [19]. In Wisnewski et al. [20] three different model predictive controllers each utilizing different
plant models with varying degrees of complexity, are compared based on their ability to reject stochastic,
measured, and unmeasured disturbances. All in all, linear-fundamental and nonlinear-fundamental model
provided a better close loop response than the linear-empirical model, while all of them were good at rejecting the
stochastic composition disturbances. Andersson and Wilson [21] compared the predictive performance of eleven
digester models into three broad families: simplified, Purdue and 3-stage model. They showed that the 3-stage
model was able to capture the end-point for lignin, while the Purdue model followed the trajectory better. Castro
and Doyle [22] analyzed the performance of MPC and Single Input Single Output (SISO) control for plant wide
control through closed-loop disturbance rejection and set point tracking. The study concluded that MPC control
was useful in the digester, but not for the bleach plant; and the centralized MPC and digester MPC, performance

was identical. Padhiyar et al. [23] investigated the possibility of controlling an inferential profile rather than the
endpoint Kappa number of a continuous digester by employing a multi-rate extended Kalman filter based
nonlinear MPC. This work concluded that Kappa profile could be achievable in normal conditions; however, in
presence of model-plant mismatch, unmeasured disturbances, and input limitations, the target Kappa profile may
become unachievable. In a later work Padhiyar and Bhartiya [24] proposed a lexicographic optimization based MPC
that enforces priorities to achieve the target exit Kappa number when Kappa profile is unachievable due to earlier
mentioned reasons.
One of the more recent study performed by Luppi and Garcia [25] analyzed the economic and dynamic
performance of MPC control by using the benchmark model of pulp and paper mill developed by Castro and Doyle
[26]. Implementing MPC for digester and limekiln zone and decentralized control for other units found to be
economically beneficial, while comparing against all decentralized control. Trung et al. [27] suggested the
possibility of using Fourier Transform Near-Infrared (FT-NIR) spectroscopy for measurement of black liquor
chemical composition and advance control of digester, lime kiln and chemical recovery operation. Badwe and
Satini [28] presented MPC strategy to control Kappa number in cooking zone with the help of tracking function and
kappa soft sensor based on chip temperature profile throughout the chip bin, impregnation zone and the digester.
In addition to the Kappa number, control of the chip level is also required for the stable operation of the pulp
digester. Control of the chip level in a pulp digester by utilizing MPC, has been investigated by few researchers.
Fern and Miranda [29] tested neural network architectures for the identification of predictive model to improve
chip level controllability. Robert et al. [16] applied GPC strategy to the level control problem and concluded that
non-adaptive GPC should be preferred over adaptive GPC mainly due to reduced complexity and implementation
time. Taha and Dumont [15] found that 30% of the level variability was contributed by the variation in the
extraction flows. Lindgren and Gustafsson [30] successfully implemented MPC for better chip level control at Mreal Husum mill, Sweden by using chip feed as the primary manipulated variable instead of blow flow.
Controlling digester temperature, production rate, effective alkali and washing zone by using MPC also addressed
by some researchers. Huzmezan and Gough [31] developed a MPC strategy to automate the temperature control
of processes with long dead time and time constant, and successfully tested it on a batch pulp digester. Kallich et
al. [32] deployed nonlinear- first principle model based MPC to increase the production rate, stabilize brightness
and reduce the consumption of chemicals in pulp mills. Gough and Kay [33] elaborated the application of a MPC
that can provide closed loop control of effective alkali and thus reduce Kappa number variability.
CHALLENGES LIE WITHIN CONTINUOUS PULP DIGESTER CONTROL
The continuous pulp digester is a complex plug-flow reactor in which wood chips react with white liquor (a
chemical solution) to remove lignin and subsequently free cellulose fiber. In a continuous pulp digester, the main
control objective is to minimize variation in the residual lignin content of the pulp product from a prescribed value.
The major control challenges involved in controlling a continuous digester are:
•

•

The feedstock (wood chips) of the pulping process is subject to natural variation. Both the properties and
compositions of wood chips varies depending on the type of wood, the geographical location, the climate
and seasonal variation. The properties of wood chips even varies depending on age and which part of the
tree is used to prepare them. These variations are the major source of unmeasured process disturbances.
Ding et al. [34] argued that the variation of wood chip quality is responsible for 30-40% of process
variability.
Particularly, feedstock lignin content variation poses major challenge to the control system of the
digester. The main difficulty arises from the fact that it is not only the lignin content but also the lignin
chemical composition that also varies. Moreover, variation in the moisture content of the wood chips also
plays a very important role in digester control. With the variation of moisture content of incoming wood
chips, the liquid-to-wood ratio changes so that the planned concentration of chemicals in the cooking

•

•
•
•
•
•
•
•

liquor will be different from the recipe. It also creates additional challenges due to its volumetric effect on
the digester level.
Inadequate measurement of pulp quality. Good process control requires accurate, fast, and practical
measuring methods, where online continuous measurements are preferable. Pulp properties such as
consistency, residual lignin content (Kappa number), carbohydrate degradation or freeness cannot be
measured online easily. Moreover, Kappa number is not an absolute value; it differs based on method
(laboratory analysis, UV-spectrometry, NIR spectroscopy, etc.) used or even lab-to-lab.
Highly nonlinear dynamics of the pulping process.
Strong multivariable interactions between the major process variables.
Long time delays associated with the manipulated variables and their effects on primary controlled
variable, Kappa number.
Kappa number is measured physically at the blow line. This introduces a long time delay between the
actual cooking conditions and the measured kappa number, which makes the control action reactive.
Meaning, the current measurement of Kappa number is the result of past controller action.
Constraints arising from process and/or economic considerations. For example- alkali to wood ratio
cannot be increased beyond a certain high limit.
Swing or change in wood species i.e. switch between hardwood and softwood poses additional control
challenge that need to address actively.
Identification of liquor channeling or clogging of extraction screens or sensor failure, and maneuver the
process under such a situation poses additional challenge for the control system.

APPROACH FOR FEEDFORWARD MODEL PREDICTIVE CONTROL FOR PULP DIGESTER
From the study above, it is quite clear that research related to Kappa number or Kappa profile, chip level,
temperature and effective alkali control of a pulp digester by utilizing MPC attracted a lot of attention of the
research community. Yet Kappa number variability at the digester outlet is a major concern of the pulp and paper
industry. Non-uniform pulp from the digester is lower in strength, harder to bleach and may lead to complications
in the downstream papermaking operations. With the increasing computational power, the use of more complex
nonlinear physics based plant models for the model predictive control of pulp digester are expanding. Integrating
advanced measurement techniques with MPC can provide tighter and better control of the continuous pulp
digester. However, as mentioned by Trung and Allison [27] measurement devices targeting at digester control are
not well developed. Conventionally, reliable measurement of chip moisture content and lignin content, white
liquor effective alkali and sulfides, weak black liquor residual effective alkali, pulp residual lignin content (Kappa
number), have been mostly performed by manual laboratory testing. Advanced measurement techniques for
reliable and online measurement of aforementioned and other process parameters are emerging day by day[35]–
[38]. Yet majority of these new sensors are mainly used for process monitoring; only a fraction of these have been
successfully integrated with the control system.
In this study, the emphasis will be on the use of fast-online measurement of lignin content of the incoming wood
chips by near infrared (NIR) spectroscopy based soft sensor for the feed forward model based predictive control of
a continuous pulp digester. Lignin content of wood chips is chosen as the measured parameter that will be feed
forwarded due to multiple reasons:
•

•

•

Kappa number, the indicator of the pulp quality at the digester outlet is the amount of residual lignin
content in the pulp. Hence, is directly related to the lignin content of wood chips and degree of
delignification occurred in the digester. Such a linkage between incoming wood chips lignin content
(related to the NIR absorbance) with the pulp Kappa number can be reflected by Figure 5.
As mentioned earlier, the lignin content of wood chips is subject to natural variability and source of one of
the major disturbance to the process. By measuring one of the major process disturbance beforehand, the
control system can act accordingly to maneuver the process.
By measuring wood chips lignin content, it will be possible to optimize the amount of chemical needed to
achieve target Kappa number.

Figure 3: NIR absorption of wood chips before digester b) Kappa number variation during a softwood to hardwood
swing at 5 am.

Figure 4: Conceptual scheme of a feedforward model-based predictive control for continuous pulp digester.
The proposed approach of integrating online NIR soft sensor and model based predictive control for the
continuous pulp digester can be visualized from Figure 3. Lignin content of the incoming wood chips will be softsensed by the help of NIR spectroscopy. The spectrometer will be installed over the conveyor belt that carries
wood chips to the chip bin. The soft-sensor measurement will be then used to predict the residual lignin content or

Kappa number of the produced pulp by the help of a digester physical model embedded in the MPC controller. This
predicted value will be compared with measured residual lignin content at the blow line. Eventually, this will be
used to improve the digester model and advance control of the digester. Particularly, adjusting the reaction rate
constant important for the Kappa number predictability. Both the NIR soft-sensor and the digester feedforward
MPC controller are described in detail in the next section.
In addition to the process control, such integration of soft-sensor with model-based control also allows diagnostics
of different process components and sensor. By comparing predicted data with measured data, trends on
variations can be derived. This deviation together with other process information can be sent to a causality tree i.e.
Bayesian Network (BN) to determine the probability of different fault.
Online NIR Soft-Sensor
NIR based soft-sensors has become a popular way for online measurement of the wood properties such as
moisture content, cellulose, lignin, and extractive content. It is possible to measure multiple quantities from the
same NIR spectroscopic measurement. However, in this work, the concentration is on the measurement of lignin
content of the incoming wood chips to the pulp digester. The approach and experimental validation of such online
NIR soft-sensor for wood chips lignin content measurement is presented in Skvaril et al. [39]. To develop such a
soft-sensor, a regression model need to be identified that correlates NIR spectral data with lignin content of
different wood species. At first, adequate wood samples will be collected from a nearby pulp and paper mill
(Billerud-Korsnäs). After sample preparation, NIR spectra will be acquired by a grating spectrometer at 2 nm
intervals between 700 ~ 2500 nm. Standard laboratory experiments will also be conducted to determine the lignin
content of the collected wood samples. After pre-processing the NIR data, Principal component analysis (PCA) will
be used to identify the correlation between NIR spectra and wood chips properties (i.e. lignin content). Then,
Principal component regression (PCR) and Partial least squares (PLS) regression methods will be used to develop
the prediction models. The developed model will be calibrated and validated with more results. Figure 4 represent
examples of preprocessed NIR spectral data and a PCR model.

Figure 5: Example of (a) Preprocessed NIR spectral data, and (b) A PLS developed model performance [36].
Afterwards, such a model can be used for soft sensing of the lignin content of incoming wood chips for a pulp
digester. An example of the soft-sensor calculation can be represented by following equation:
𝐿�𝑤𝑤𝑤𝑤 𝑐ℎ𝑖𝑖𝑖 = 𝑀(𝑢�𝑖 )

Where, 𝐿�𝑤𝑤𝑤𝑤 𝑐ℎ𝑖𝑖𝑖 is the estimated lignin content of the wood chips, M is the soft-sensor prediction model and 𝑢�𝑖
is the variable corresponding to the relative absorbance of the wood chips. ′𝑖′ corresponds to selective
wavelengths that are relevant to different lignin precursors.

Feedforward MPC Controller
One of the main components of the MPC controller is the plant or digester model. A physics based continuous pulp
digester model developed by Jansson and Grober [40] will be used for this purpose. The model is an extended
version of the well-known Purdue model that contains chemical reaction and energy balances. The model contains
two volumes, the volume occupied by the chips with the entrapped liquor, and the volume occupied by the free
liquor. The model is suitable for both control and diagnostics purpose. In this work, the model will be mainly used
to predict the pulp Kappa number at the blow. Incoming wood chips lignin content will be feedforwarded to the
MPC for this purpose. Open-source object oriented modeling and simulation tool, OpenModelica will be used to
implement and simulate the model. In Figure 6, we present an example of a simulation in OpenModelica for a
digester (here for a batch digester).

Figure 6: Simulation results from digester model in OpenModelica (batch digester).
The MPC will calculate the current and future values of manipulated variables (i.e. temperature, liquor
concentration, time etc.) to keep the controlled variable (Kappa number) close to the target value. With optimized
control of the temperature and liquor concentration, better pulp quality and reduction in chemical consumption
can be achieved. By comparing the predicted Kappa number with the measured value the MPC will be able to
maneuver the process accordingly. This will be also used for the model improvement to reduce the model-plant
mismatch. For the better digester control, chip level and production rate can also be used as feedforward variables
in the MPC.
One major challenge to use this approach of integrating soft-sensor with feedforward MPC lies in understanding
the impact of uncertainties in the measurements (NIR and others) and in the used physical digester model.
Empirical models are utilized for the NIR soft-sensors development. Hence, in addition to the measurement
uncertainties related to NIR spectroscopy, model uncertainty also propagates through the soft-sensors output.
Presence of uncertainty may affect the robustness of the feedforward MPC i.e. stability and satisfaction of
constraints. However, in presence of uncertainties feedforward MPC provides superior performance for the
majority of the time without any feedback correction measurement[41].
CONCLUSION
Although lignin content of the incoming wood chip have maximum influence on the chemical consumption and Hfactor (temperature, time) of a continuous pulp digester, measuring and utilizing it as a controller input has not
gained that much attention. In this work, we outlined the approach of measuring the lignin content of the

incoming wood chips by NIR soft-sensor and using it for advanced process control (feedforward MPC). The
proposed approach combines benefits of the soft-sensor’s predictive ability with the multivariable control and
optimization capability of feedforward MPC. We argue that by soft sensing the lignin content of incoming wood
chips, tighter control of the blow line Kappa number can be achieved. Along with the lower Kappa variability, this
will also reduce the chemical consumptions and downstream complexity due to such variation.
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ABSTRACT
Kappa number, which essentially indicates the amount of lignin left in the pulp after cooking, is the
most important physical quantity linked to the quality and economics of a Kraft‐pulp mill. Controlling
the Kappa number is a difficult task mainly due to the naturally varying feedstock, significant residence
time, insufficient measurements and complex nature of the delignification process. Moreover, faults
such as screen clogging, hang‐ups and channeling in the process often occur and increase the
operational costs considerably.
In this work, the possibility of feedforwarding the lignin content of incoming wood chips, by a
near‐infrared spectroscopic measurement of one of the major process disturbances, to a model
predictive controller, is investigated by means of modeling and simulation studies. Additionally, a
simple Bayesian network based diagnostics approach is proposed to detect the continuous digester
faults.
Key words: Kraft pulping, near infrared spectroscopy, pulp digester model, feedforward model
predictive control, Bayesian network, Diagnostics.
INTRODUCTION
Continuous pulp digesters are an integral part of the fiber lines in modern Kraft‐pulping mills. It
converts wood chips into wood pulp by means of a thermo‐chemical conversion process known as
delignification that removes lignin to free the wood fibers. Later, the wood pulp is processed further
according to the requirements and is used in the board machines to produce paper and paper based
products. A typical continuous digester is a tubular vessel 25 to 80 meters in height and 3 to 8 meters
in diameter [1]–[3]. Most of the continuous digesters contain four different zones: Impregnation zone,
heating zone, cooking zone and wash zone. The impregnation zone can be the top section of the
digester or a separate vessel, and is where cooking liquor penetrates the wood chips. To improve the
penetration process black liquor is added to the cooking liquor for its superior wettability. The second
part of the digester is the heating zone, here the chips and cooking liquor is heated up between 140
and 175 °C. A set of screens are employed to separate the cooking liquor from the chip mixture, which
is heated in external heat exchangers and sent back to the digester via a piping assembly located at
the middle of the digester. In the cooking zone, most of the delignification reaction takes place, where
the intensity of the reaction is dependent on the chemical concentration, cooking temperature and
cooking time. The next section of the digester is the extraction zone, where the spent or black liquor
is separated and extracted by using the extraction screens. The final section of the digester is the wash
zone where the reaction is quenched by removing the remaining spent liquor and cooling down the
pulp to reduce damage to the cellulose fibers. Unlike the rest of the digester, the wash zone is a counter
current zone, meaning the wash liquor flows upwards opposite to the direction of chip flow. A
simplified process flow diagram of a single vessel continuous pulp digester is depicted in Figure 1.

Figure 1: A simplified process flow diagram of a single vessel continuous pulp digester.

The characteristics of the continuous digesters that prohibits efficient control are: (1) the highly
nonlinear and complex nature of the delignification process, (2) the significantly long residence time
of chips inside the digester, (3) the stochastic variation of the biological feedstock, (4) the insufficient
measurements of key process variables in real time, and (5) the strong multivariable interaction
between different process variables [4]. The main control objectives of a continuous digester is to
produce pulp with a specified quality i.e. Kappa number, while maintaining adequate chip and liquor
level in the digester [5]. The key pulp quality variable is well known as Kappa number that indicates
the amount of residual lignin in the produced pulp. Therefore, it is directly linked with the incoming
wood chip’s lignin content and the intensity of the delignification reactions inside the digester. The
intensity of the reactions inside the digester can be controlled by manipulating the cooking
temperature and cooking liquor concentration while the residence time is defined by the production
rate. On the other hand, the incoming wood chip’s lignin content is subject to natural variation and a
major source of unmeasured disturbances to the process.
Given that, the Kappa number of the produced pulp is measured physically at the digester blow line,
hence, the current Kappa value corresponds to the process conditions and inputs that existed 5‐8 hours

(residence time) earlier. Using this value for any control action will make that a reactive control, i.e. by
the time the controller takes action based on the current Kappa number, the process inputs might
have changed in a way that requires a different action.
Hence, a multi‐variable model based control strategy is essential that considers the nonlinear
multivariable effects of a continuous pulp digester, one that takes into account for the long dead time
of the process and can predict quality variables like Kappa number where measurements do not exist
in real time. Utilization of modern sensors and soft‐sensing techniques can complement such a system
to achieve tighter control.
Pulp digester faults poses additional challenge for the control system. Moreover, pulp quality and
production rate may be heavily affected under such digester faults, which in turn can affect the pulp
mill economics. Usual control action under such faulty conditions may also lead to major shutdowns.
Hence, identification of faulty conditions and operation of the controller under predefined safe‐modes
according to the type and severity of the faults utterly important too.
The faults relevant to a continuous pulp digester can be divided into hard and soft faults. Typically,
hard faults are easy to detect, but soft faults are more difficult to detect and diagnose. In this work,
the focus is on the diagnostics of soft faults. Most problematic soft faults that can occur in a continuous
pulp digester and have a major effect on the blow line pulp quality are:
a) Screen clogging
b) Hang ups, and
c) Channeling [6], [7].
These faults are mentioned in the literature, but to the best of the author’s knowledge, there are no
clear definitions or descriptions of these faults available. Hence, an effort has been made to provide a
basic description of these faults related to the continuous pulp digester.
Screen clogging occurs when smaller chip particles block the screens and thus obstruct the free liquor
recirculation or extraction depending on the location of the screen. Back flushing can be employed to
rectify such clogging. In more difficult cases, manual cleaning can be required if the problem gets
severe. On the other hand, hang ups in a continuous pulp digester refer to the phenomena when wood
chips adhere to the screen and pile up radially inside the digester thus obstructing the downward
movement of the chip column. This can result in variations of kappa number and blow line consistency,
reduction of production rate, and increase in chip level, and hence may lead to problems with chip
level control. For the healthy operation of the digester and acceptable pulp quality, hang‐ups need to
be identified and rectified quickly before the problem becomes severe. There are multiple actions that
can be taken if hang ups can be detected early, for example stopping the liquor circulation by closing
the shut‐off valve for a short time or back flushing of screens depending on the severity of the problem.
Channeling refers to the situation when cooking liquor flows through channels that form inside the
chip bed due to inhomogeneous chip distribution and thus bypass the majority of the chips. This can
result in lower reaction rate due to a lack of alkali and sulfide, hence higher blow line Kappa number.
Once detected, increasing circulation flow could be a potential solution to get rid of channeling.
This paper focuses on the challenging task of controlling the endpoint Kappa number of a continuous
pulp digester. To assist addressing this topic, a model based control strategy for a pulp digester is
presented. A physics based dynamic model of the continuous digester and an analysis of process
variables effect on the endpoint Kappa number follows, based on the developed model. Subsequently,
a Bayesian network based diagnostics strategy utilizing the developed model and plant measurements
is presented.

FRAMEWORK FOR MODEL BASED CONTROL AND DIAGNOSTICS
Model based control primarily refers to control techniques that explicitly include a process model in
the control algorithm. Particularly, control algorithms such as model predictive control (MPC), internal
model control (IMC), and inferential control (IC) are well known and widely used in the process
industries over last few decades [8]. Central to this control technique is the development of a process
model (i.e. linear or nonlinear, steady state or dynamic, differential or state‐space, transfer functions
models) for predicting the future behavior of the process in order to satisfy strict control requirements
while optimizing the control objectives. When it comes to multi‐variable process control like the pulp
digester control, model based control is widely accepted as a superior control strategy over the classic
methods.
The overall framework for model based control and digester diagnostics is depicted in Figure 2. The
proposed control strategy is based on the concept of online measurement of lignin content of the
incoming wood chips and feedforwarding it to a model predictive controller. The online measurements
of lignin content is based on near infrared (NIR) spectroscopic measurement techniques. The
experimental validation of such an NIR soft‐sensor for wood chip lignin content measurement can be
found in Skvaril et al. [9]. By measuring the feedstock’s lignin content, it will be possible to predict the
Kappa number at the digester blow line even before the cooking starts. Comparing this predicted value
with the Kappa number set point, the controller will be able to adjust the manipulated variables (i.e.
upper and lower heating recirculation temperatures, effective alkali of the cooking liquor, etc.) to
achieve the required pulp Kappa number at the digester outlet. This will also optimize the chemical
use during the cooking process. The digester model will also be used to calculate different process
variables that will be compared with the actual measurements from the plant to identify any possible
faults in the digester. The diagnostics functionality will be realized by feeding the residuals from such
a comparison along with the process data to a causality tree for fault classification and decision
support.

Figure 2: Conceptual scheme of feedforward MPC and diagnostics for continuous pulp digester.

CONTINUOUS PULP DIGESTER MODEL
Numerous alternative models with varying levels of complexity based on different approaches of
reaction kinetics, diffusion and chip bed compaction have been proposed over the last few decades to
describe the behavior of a pulp digester [10]–[15] . In this paper, an extended version of the well‐
known Purdue model will be used to model the continuous pulp digester.
The most familiar way to represent Kraft cooking process is to model the reaction kinetics, which
essentially forms the mathematical foundation for the entire digester model. The wood components
dissolution rates are expressed as first‐order ordinary differential equations,
dXi
= (k [OH ‐ ] + k [OH ‐ ]a [HS ‐ ]b )(X ‐ X )
i

i,O

1
2
dt
Where, Xi and Xi,O represents the concentrations of instantaneous and unreacted wood components,
respectively. The reaction rate constants k1 and k2 are temperature dependent and expressed
according to the Arrhenius equation,

ki = Ai exp(

‐Ei

)
RTc

Where, Tc, Ai, R, and Ei are the chip temperature, pre‐exponential factor, universal gas constant, and
activation energy of the reaction, respectively.
The mass diffusion rate (Dj) is estimated by considering both chip temperature and component
concentration,
‐487O
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The chip bed compaction is included into the model by considering a compaction factor (f), which is
the ratio between the volumes of a standardized chip column outside and inside the digester.
ɳ = 1 ‐ f(1 ‐ ɳpile)
Where, ɳ and ɳpile are the free liquor volume fraction in the corresponding digester section and the
free liquor volume fraction if the chips are piled outside the digester.
Finally, the conservation equations (i.e. energy and mass balance) are considered to calculate the
individual concentrations of components and temperatures. Similar to the extended Purdue Model, a
lumped approximation approach is utilized to model the entire digester. A series of CSTRs with axial
distribution of conserved quantities are considered for this purpose, while radial transport
phenomenon are neglected for the sake of simplicity.
The main pulp quality parameter, Kappa number (K) is calculated by using the following definition;
where XL/ and XLs are concentrations for fast and slow lignin.
K=

XL/ + XLs
0.00153

S
∑i=1
Xi

MODEL PREDICTIVE CONTROLLER
The detailed feedforward MPC architecture is elaborated in Figure 3. The MPC tries to minimize the
future errors by employing tan optimizer that consists of a cost function and multiple constraints. The
cost function for the MPC refers to the minimization of the sum of squared errors between the desired
set point and the actual trajectory of the blow line Kappa number, with an additional penalty imposed
on rapid changes in the manipulated variables.
T
min f(u) = (K(u) ‐ Kset)T W(K(u) ‐ Kset) +Ldu
S i du i
i
i

Where, vector K(u) is the actual Kappa number at the different time steps in the prediction horizon
and Kset is the Kappa number set‐point. The weight functions W and Si are used to increase the
importance of specific variables at given instances.
The constraints on achievable inputs or acceptable states are usually not dependent on the reference
trajectories, and therefore the reference trajectories do not appear in the constraint equations.
TCooking : TmaxCooking
LWR : LWRmax
Where, TCooking and LWR are the cooking temperature and liquor to wood ratio.

Figure 3: Feedforward MPC architecture.

DIGESTER FAULT DIAGNOSTICS
The overall goal of digester fault diagnostics is to utilize plant measurements and the predictive power
of the developed model for early assessment of process abnormalities and provide efficient
troubleshooting advice for process operation and condition based maintenance. In this work, Bayesian
Networks (BN) is used for this purpose.
The basic Bayesian network structure for fault diagnostics of nodes corresponds to cause→ eﬀect→
fault [16]. However, the target here is to identify the root cause of process abnormalities even before

a fault has occurred. That is why the cause→ issue→ symptom structure of process diagnos cs is
followed here.
A cause is the main reason of an abnormality and in most cases is associated with a preventive or
corrective action. An issue is a conflict among a set of causes. An issue occurs when its associated
causes occur. Finally, an indication of an abnormality is given as a symptom.

Figure 4: (a) Single‐issue Bayesian‐network structure, (b) Multi‐issue Bayesian‐network structure.

The basic relationships among causes, issues, and symptoms in the Bayesian‐network structure is
shown in Figure 4(a) for a single issue. Issues may share common causes and symptoms as shown in
Figure 4(b).
In Figure 5, causal mechanism behind the development of digester faults and suggested actions under
these faults are presented.

Figure 5: Causal mechanism behind the development of digester faults and suggestions.

Screen clogging
There are four screens located at different heights in the pulp digester under consideration. In an event
of clogging of one of these screens, the event can be identified by observing changes in process
variables corresponding to that screen. The major process variables to look at are pressure drop (ΔP)
and liquor flow (Q) across the screen. In case of screen clogging, it is expected that the pressure drop
will increase and the liquor flow will decrease.

The abnormalities in the pressure drop will be identified by comparing the measured value with the
nominal value. For the extraction screens, the calculated liquor flow is available from the digester
model. A difference between the calculated value and the actual value will be used to identify an
abnormal situation. However, for other screens deviation from the nominal value around the operating
point will be used instead.
Hang‐ups
In case of hang‐ups, similar symptoms to screen clogging can be observed in the affected screen.
However, there are a few additional symptoms that differentiate hang‐ups from screen clogging. In
the case of a hang up, there will be a noticeable increase in the chip level (Lchip), since the chip column’s
downward movement will be obstructed. There are also possibilities of deviations in residual alkali
(RA) measurements, since the chemical reaction will slow down due to lack of fresh chips in the
affected zone.
Channeling
In the event of channeling, the most important process variables to look at are deviations in residual
alkali (RA) and liquor temperature. Since, the liquor bypasses the chips and directly goes to the
corresponding screen, an increase in residual alkali measurement and liquor temperature is expected
when compared with the values calculated from the digester model. Additionally, the pressure drop
across the screen can decrease if channeling occurs closer to the screen.
The states of the evidence variables and their ranges are defined and listed in Table 1. Any values of
the process variable should fall into either one of these states. Depending on the states and their
corresponding conditional probability distribution, the probability of a cause is calculated. The cause
variable states are also defined along with suggested actions depending on the severity of the cause
(Table 2).
Table 1: States of the evidence variables.

Evidence variable
Pressure drop (ΔP)

Liquor flow (Q)

Chip level (Lchip) increasing
Rest alkali (RA)

Liquor temperature (T)

States
Normal
High
Low
Normal
High
Low
True
False
Normal
High
Low
Normal
High
Low

Range
ΔPnominal + x% ≥ ΔP ≥ ΔPnominal ‐ x%
ΔP > ΔPnominal + x%
ΔP < ΔPnominal ‐ x%
Qcal + y% ≥ Qact ≥ Qcal ‐ y%
Qact > Qcal + y%
Qact > Qcal ‐ y%
dLchip/dt > 0
dLchip/dt ≤ 0
RAcal + z% ≥ RAact ≥ RAcal ‐ z%
RAact > RAcal + z%
RAact > RAcal ‐ z%
Tcal + a% ≥ Tact ≥ RAcal ‐ a%
Tact > Tcal + a%
Tact > Tcal ‐ a%

States
True (%)
False (%)

Suggestions
True > x% = Back flash

Table 2: States of the cause variables.

Cause variable
Screen clogged

Hang up

True (%)
False (%)
True (%)
False (%)

Channeling

y% ≤ True ≤ z% = Stop circulation
True > z% = Back flash
True > a% = Increase circulation

RESULTS AND DISCUSSIONS

The steady state behavior of the different quantities along the digester length are derived from the
developed model. However, only the Kappa and effective alkali profiles are presented here (Figure 6).
Actual plant measurements corresponding to a stable operating point of the digester under
consideration were used as the model inputs. As expected, the Kappa number shows a sharp decrease
as the temperature increases in the cooking zone, and stablizes as the temperature and chemical
concentrations decrease in the washing zone. The effective alkali curves for the entrapped and free
liquor meet each other due to the penetration of cooking liquor in the impregnition zone, and decrease
quickly as EA is consumed in the cooking zone.

Figure 6: (a) Kappa profile and (b) Free liquor and entrapped liquor Effective Alkali (EA) profile along the digester length.

Step changes in important parameters are performed to analyse the model sensitivity to different
parameters. In Figure 7, the effect of incoming wood chip lignin content variation on Kappa number is
presented for different zones. The change in Kappa number due to the wood’s lignin content variation
validate the concept of feedforwarding such disturbance data to the MPC. The horizontal shifts in the
response from each curve are due to the time dalays associated with the residence time of chips inside
the digester sections.

Figure 7: Effect of wood chip lignin content variation on Kappa number in different zones.

Eventually, simulations are performed with time series data from the plant. The predicted Kappa
number and residual alkali at the extraction are presented along with the actual measurements in
Figure 8 and Figure 9, respectively. The plant data were sampled at 15 minutes frequency. All the
missing data and unrealistic values (i.e. negative chip flowrates, negative solidity etc.) were replaced
with previous steady values, which explains some of the model‐plant mismatch. Some other mismatch
could be the result of process faults, which cannot be validated at this time due to the lack of fault
related data. Few others could be due to the model inadequacies. Further model tuning will be carried
out before the actual implementation of the proposed MPC controller is realized.

Figure 8: Predicted Vs actual Kappa Number.

Figure 9: Predicted Vs actual residual EA.

As a proof of concept, a simplified feedforward MPC is tested and presented in this work. The
feedforward MPC can only manipulate lower heater circulation temperature in order to follow the
Kappa set point, which is the measured output. The lignin content is used as the measured
disturbance. The response of the measured output and manipulated variable to a step change in the
measured disturbance is presented in Figure 10. The Feedforward MPC able to keep the Kappa close
to the set point by reducing the lower heater circulation temperature.

Figure 10: Measured output and manipulated variable response to step change in measured disturbance.

Finally, due to the lack of fault related data from the pulp mill, it is proposed that the discussed
diagnostic techniques could be installed as a learning system in the plant by integrating the operators’
and process engineers’ experience in the Bayesian network. Along the way as more fault related data
will be available and fed to the Bayesian network, the system is expected to become more efficient in
detecting digester faults and giving decision support.
CONCLUSIONS

Due to the long residence time and complex nature of the continuous pulp digester, a conventional
feedback controller results in poor control of the important quality variables i.e. Kappa number. Hence,
a feedforward model based control strategy is presented here that can overcome these challenges.
Finally, a fault diagnostics strategy for continuous pulp digester is proposed. Since fault related
historical data is often lacking, implementing the diagnostics strategy as a learning system will ease
adaptation of such a system.
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Abstract: The market for the small-scale micro gas turbine is expected to grow rapidly in the coming
years. Especially, utilization of commercial off-the-shelf components is rapidly reducing the cost of
ownership and maintenance, which is paving the way for vast adoption of such units. However,
to meet the high-reliability requirements of power generators, there is an acute need of a real-time
monitoring system that will be able to detect faults and performance degradation, and thus allow
preventive maintenance of these units to decrease downtime. In this paper, a micro gas turbine
based combined heat and power system is modelled and used for development of physics-based
diagnostic approaches. Different diagnostic schemes for performance monitoring of micro gas
turbines are investigated.
Keywords: micro gas turbine; modelling; diagnostics, gas path analysis, analysis by synthesis

1. Introduction
According to multiple sources, the global market for micro gas turbine (MGT) will experience an
expeditious growth in the coming years [1–3].The power generation segment of its product portfolio is
expected to contribute to a bulk portion of this growth. In particular, the combined heat and power
(CHP) configuration of this energy generator are grabbing much attention from both the industry and
the policy makers [4,5]. Especially in the context of European Unions’(EU) initiatives against climate
change, these micro-CHP units could play a vital role in achieving both short- and long-term emission
reduction targets.
MGTs are gas turbines combined with high speed generators whose electrical output can range
between few kilowatts and few hundreds kilowatts. They offer a number of benefits compared to
other technologies for distributed heat and power generation, including compact size, lightweight,
fewer moving parts, lower maintenance needs, lower noise and vibration, high reliability, higher fuel
flexibility, lower emission levels, potential for low cost mass production, and potential for integration
with others decentralised energy generators [6–9]. On the other hand, the main drawbacks of MGTs
are low electrical efficiency, high research and development cost, and high ownership cost at the
moment [5,7]. However, numerous development activities are under-way by academia, industry,
and policy makers to overcome the aforementioned challenges.
To bring the cost of ownership down, multiple vendors are offering micro-CHP units that are being
developed by utilizing commercial off-the-shelf (COTS) components from automotive turbocharger
industry. The inclusion of mature turbocharger technology offers not only cost reduction, but also high
reliability and robustness that the industry achieved through decades of continuous improvement.
On the contrary, turbochargers are not optimised for MGT operation due to the trade-off between
Processes 2018, 6, 216; doi:10.3390/pr6110216
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design point efficiency and cost of manufacturing. For this reason, the MGT market is still considered
to be a niche market, and the cost for development of turbo-machinery optimised for MGT operation
can only be justified with mass production. Hence, modification of automotive turbocharger is often
preferred to improve design point efficiency.
In the context of a power sector with high share of intermittent energy sources, MGTs should
offer high reliability and availability to ensure the security of supply. Subsequently, an on-line
condition-based monitoring and fault detection system is necessary. MGT runtime can be extended by
early detection of faults and performance degradation. Thus, it will be possible to plan maintenance
activity long before a breakdown occurs. Eventually, this will improve the availability and lower the
maintenance cost. Another important aspect of future MGT market that emphasises the need of a
condition-based monitoring and fault detection system is the ownership structure. Traditionally, gas
turbines are owned by utilities and large companies. However, MGT-based CHP units could also be
owned by private persons and small and medium enterprises (SME). Hence, a service-oriented
approach is vital, where the service provider (i.e., technology provider or system installer or
independent service provider) might need to manage a large fleet of MGT units. This is where
the concept of fleet level monitoring and diagnostics can play an important role. The service provider
will be responsible for monitoring the MGT fleet and planning maintenance based on the engine health
conditions and severity of deterioration. Hence, an integrated approach for MGT fleet monitoring
and diagnostics is necessary to foster the adoption of this promising technology. Since the MGT
technology is still in the early stage of commercialization phase, sufficient data on degraded and faulty
operations are lacking, which rules out the use of data-driven diagnostics approaches for the moment.
Moreover, data-driven approaches perform worse for cases that fall outside of the training dataset,
which could be a limitation considering the wide operating flexibility that is expected from MGT
units. Therefore, physics-based modelling for MGT diagnostics appears necessary to overcome the
aforementioned challenges.
Realizing its potential, the exploitation of a physics-based model for MGT fleet monitoring and
diagnostics is investigated in this paper. A diagnostic-oriented model for an MGT based CHP unit is
developed. An in-house Fortran-based gas turbine modelling tool named EnVironmental Assessment
(EVA) is used for model development [10,11]. Model adaptation techniques for individual MGT
units in a fleet are also discussed in detail. Subsequently, a multi-level fault detection and isolation
methods are presented along with a detailed fault diagnostics scheme that can identify the location
and magnitude of different component faults. Finally, several simulation trials are performed to test
the presented fault diagnostics scheme.
2. Review on Performance Based Gas Path Diagnostics
The performance of gas turbines deteriorates over time, leading to reduced output capacity and
thermal efficiency that in turn result in reduced profitability and increased emissions [12]. Generally,
any performance deterioration in a gas turbine can be linked with performance deterioration of
one or more gas path components. The performance of these components deteriorate over time
due to various degradation mechanisms such as fouling, erosion, corrosion, internal liner surface
cracking, increase in tip and seal clearance, foreign object damage, plugging of the injector and the
cooling holes, etc. [13–15]. The rate at which these deterioration mechanisms take place could be
different depending on the manufacturing tolerance, engine operating conditions, operating regime,
i.e., part or full load, start-stop cycles, and fuel type and quality. Deterioration generally causes
deviations in the component performance parameters, i.e., efficiency, pressure ratio, flow capacity, and
others, which in turn lead to deviations in the gas path measurable parameters such as temperatures,
pressures, speed, and flow rates. Using the gas path measurable parameters to detect the change in
component health parameters forms the foundation for performance-based gas path analysis (GPA)
methods for gas turbine diagnostics. Two of the well-known variants of this method are physics-based
and data-driven GPA. Numerous comprehensive review articles explore existing GPA approaches
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(both physics-based and data-driven) and their relative performance [16–20]. In these articles, the
comparative pros and cons of different approaches are examined based on attributes such as reliability,
accuracy, model complexity, computational efficiency, the ability to cope with noise and bias, and
number of measurements required for diagnostics. The findings of these reviews can be summarized
by stating that there is no single approach that outperforms the others in all the attributes; rather
they are complementary and each has its own benefits and drawbacks. Hence, hybrid schemes that
combine both physics-based and data-driven approaches should be preferred. As a starting point for
MGT diagnostics and in light of the limitations previously discussed, the focus of this study is limited
to a physics-based approach.
Physics-based GPA approaches for gas turbines diagnostics have been widely studied by the
research community over the years. As the name suggests, these approaches explicitly rely on the
physics-based models of gas turbines. The models are based on mathematical and thermodynamic
equations that principally correlate gas path measurable parameters with component performance
parameters. The has approach developed much since Urban pioneered it in 1967 [21]. Urban [22,23]
and others [24–26] further investigated the approach, which is widely referred to as linear GPA in the
literature. In linear GPA, unknown variations in components performance parameters are computed
from known variations in measurable parameters by using a set of linear equations. The equations are
derived by linearising the non-linear equations that link components performance parameters with
measurable parameters, around a specific steady-state operating point. Being conceptually simple and
computationally light, linear GPA offers numerous benefits such as fault isolation and quantification
and multiple faults diagnostics. On the other hand, the method has multiple limitations. It requires
many relevant measurements for fault diagnostics, which can be quite rare in commercial units. Due to
the assumption of linearity, the method shows instability and large inaccuracy under higher level of
deteriorations. Moreover, it is unable to deal with sensor noise and bias.
To cope with the non-linear behaviour of the gas turbines and improve the accuracy of GPA,
non-linear GPA was introduced by House [27] and Esher [28]. The method was further improved by
many others. Unlike linear GPA, in non-linear GPA, the full equations are treated directly without
any linearisation. To deal with the engine to engine variations, an adaptive approach of non-linear
GPA was examined by Stamatis et al. [29]. The author introduced modification factors to the health
parameters to take care of the individual engine variation that are computed through an optimisation
procedure. Li [30] developed a two step approach for linear and non-linear adaptive GPA that can
detect both single and simultaneously occurring multiple faults. Not long ago, Larsson [31] presented
a systematic design procedure to construct a fault detection and isolation system by using complex
non-linear models. In a more recent work, Liu [32] proposed a dynamic tracking filter incorporating
state observer to detect the variation of six performance parameters of three gas path components by
using four measurement parameters. However, the usage of linear state observer resulted in reduced
accuracy in fault detection capability of this approach; hence, a non-linear state observer is required.
In another work, Kang [33] suggested a compressor map adaptation technique to enhance the accuracy
of performance based diagnostics of a heavy-duty gas turbine. Comparison of different diagnostics
approaches are studied in Koskoletos et al. [34]. The authors performed a comparative analysis among:
(1) probabilistic neural network (PNN); (2) k-nearest neighbours; (3) optimization; (4) combinatorial;
(5) adaptive 2X2; and (6) combination of PNN and adaptive 2X2 method. They concluded that Methods
3–6 can be used for component fault magnitude estimation and prognostic purpose.
Previous research efforts have made valuable contributions in improving performance-based gas
path diagnostics methods. However, most of this work is focused on large scale industrial gas turbines;
only a few studies are focused on micro gas turbine [35–38]. Performance-based diagnostics of MGT
by employing GPA poses numerous challenges. To keep the cost of ownership down, MGTs include
only few measurements of gas path parameters. Moreover, some of these measurements are used for
control purpose, meaning that they cannot be utilized for diagnostics. Due to the high manufacturing
tolerances, engine components show wide variations in performance, which could lead to deviations
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in measured parameters that are comparable to fault conditions. Hence, model tuning is essential for
individual engines before employing any fault diagnostics approach.
3. Methodology
To develop a model-based diagnostics scheme for an MGT fleet, a diagnostics-oriented model
of a nominal MGT unit is developed and presented in this article. The developed model is validated
against the measurements from the performance test of a commercial MGT unit. Sequentially, a scheme
for model tuning is employed to account for engine to engine variations. Finally, a diagnostics scheme
is proposed and tested with the help of simulation studies.
3.1. Gas Path Modelling of the Micro Gas Turbine
The operating principle of an MGT is identical to large-scale open cycle gas turbines. Both operate
on the well-known Brayton cycle. As shown in Figure 1, a typical MGT with CHP configuration
consists of a compressor, a recuperator, combustor, a turbine, a high-speed generator, and an exhaust
recovery heat exchanger. The air is compressed in the compressor and then preheated by the exhausts
in the recuperator before being further heated by burning fuel in the combustor. The high temperature
working fluid is then expanded in the turbine that operates the compressor and the high-speed
generator. The remaining exhaust heat is recovered by water in the recovery heat exchanger.

Figure 1. Layout of the MGT in CHP configuration (MGT: Micro Gas Turbine; CHP: Combined Heat
and Power).

The MGT unit under study in this paper is the EnerTwin Micro-CHP that is marketed by Micro
Turbine Technology (MTT) B.V. It is a single-shaft, radial, recuperated gas turbine manufactured in CHP
configuration. The micro-CHP unit have a capacity of 3.2 kW of electric and 16 kW thermal output.
A modular modelling technique is employed here to develop the MGT model. All the gas path
components, i.e., compressor, recuperator, combustor and turbine including duct and rotating shaft
are modelled and integrated just like the way they are connected in reality. As mentioned previously,
the MGT model is developed by using an in-house Fortran-based gas turbine modelling tool called
EVA. It is a multidisciplinary conceptual design tool that comprises various modules incorporating
substantial detail within a wide range of disciplines, i.e., gas turbine performance, aerodynamic and
mechanical design, emissions prediction, and environmental impact. In this work, the gas turbine
performance analysis module of the tool is utilized.
The compressor and turbine models are based on their corresponding characteristic maps
provided by the manufacturer 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 shown in Equation (1).
!
!
√
ṁ · Tin
N
, ηis = f PR,√
Pin
Tin

(1)
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where Tin and Pin refer to the inlet temperature and pressure respectively. For a known shaft speed
and pressure ratio, corresponding mass flow rate and isentropic efficiency are extracted from the
characteristic maps. The extracted values are then used in well-known thermodynamic equations to
calculate parameters related to compressor and turbine. For example, compressor outlet temperature
(T2 ), pressure (P2 ), and compression work (Wcomp. ) are calculated utilizing Equations (4), (7) and (9).
Starting by assuming isentropic compression and expansion in the compressor and turbine
,respectively, the Gibbs equation takes the following form:
S −S =
| out{z in}
=0

Z T
out,is. C p
Tin

T

· dT − R g · ln



Pout
Pin



(2)

Here, S refers to the entropy, C p is the specific heat capacity and R g is the universal gas constant.
Defining entropy function as in Equation (3),
φ( T ) =

Z T

Tre f .

Cp
· dT
T

(3)

Equation (4) is derived:
φ( Tout,is. ) = φ( Tin ) + R g · ln



Pout
Pin



(4)

Here, φ( Tin ) and φ( Tout,is ) are the temperature dependent entropy functions at the inlet and outlet
of the component (i.e., compressor or turbine).
However, the isentropic assumptions are not applicable to real compression and expansion
processes which have inherent losses due to compressor and turbine inefficiencies. To account for
these losses, isentropic efficiencies for compressor (ηcomp.,is. ) and turbine (ηturb.,is. ) are defined as in
Equations (5) and (6).
h( T2,is. ) − h( T1 )
ηcomp.,is. =
(5)
h( T2 ) − h( T1 )
h( T5 ) − h( T4 )
h( T5,is. ) − h( T4 )

(6)

PRcomp. =

P2
P1

(7)

PRturb. =

P4
P5

(8)

ηturb.,is. =

Subsequently, compressor and turbine pressure ratios are defined by Equations (7) and (8).

Finally, compressor and turbine works are calculated using Equations (9) and (10),
Wcomp. = ṁ1 h2 − h1
Wturb. = ṁ4 h4 − h5





(9)
(10)

Here, φ( T1 ) and φ( T2 ) are the temperature dependent entropy functions at the inlet and outlet of
the compressor, and R g is the universal gas constant.
The recuperator is modelled as a counter-current plate type heat exchanger. Heat exchanger’s
key performance parameters related to heat transfer and pressure drop are used for this purpose.
The thermal effectiveness (e) is used as heat transfer performance parameter, while relative pressure
drop in the air-side (∆P23 ) and gas-side (∆P56 ) are introduced as pressure drop performance parameters.
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A heat flux-based definition of effectiveness is considered instead of a temperature-based one to include
the influence of the gas composition on the specific heat capacity, as shown in Equation (11).
e=
∆P23 =

Q act.
Qmax.
P3 − P2
P2

∆P56 =

P6 − P5
P5

(11)
(12)
(13)

where Q act. and Qmax. refer to actual heat transfer and maximum possible heat transfer in the
recuperator. The maximum possible heat transfer is achieved when the fluid with minimum heat
capacity rate undergoes the maximum temperature difference available present in the exchanger,
which is the difference in the entering temperatures for the hot and cold fluids.
The combustor performance is given in terms of combustion efficiency (ηcomb. ) and relative
pressure drop (∆P34 ). The combustor efficiency can be computed by Equation (14), while relative
pressure drop can be computed using an equation similar to Equation (12). Using these parameters,
fuel to air ratio (FAR) and pressure at exit of the combustor (P4 ) are determined. Finally, energy
balance is applied for the combustor to estimate the enthalpy at the combustor outlet that in-turn is
used to determine the temperature. For simplicity, a constant lower heating value (LHV) is used in
Equation (14).
ṁ3 (h3 − h2 )
ηcomb. =
(14)
ṁ f · LHV
Compressor, turbine, and generator are mounted on the same shaft; hence, the shaft mechanical
efficiency is defined as in Equation (15).
ηsha f t =

Wcomp. + Wgen.
Wturb.

(15)

Pressure losses in the ducts are also taken into account by using an equation similar to
Equation (12).
3.1.1. Matching Scheme for Gas Path Modelling
The steady state operating points of the gas turbine are obtained by matching the compressor
and turbine. This is done by superimposing turbine map on the compressor map while mass flow
and energy continuity are maintained. The serial nested loops method is used where initial guesses
are continuously updated until all the residuals error terms, corresponding to components mass and
energy balance, reach predefined accuracy. To do this, a Jacobian matrix is built where each element of
the matrix is the sensitivity ratio between each output (or target) and state (δY/δX). The Jacobian is
used to compute and minimize the residuals between model outputs and targets. In normal conditions,
the Jacobian consists of the following pairs of outputs and states in the rows and columns as shown in
Table 1.
For example, the mass continuity in the compressor needs to be satisfied, which means that
the mass flow calculated from the compressor map needs to match the compressor inlet mass flow.
The speed factor Nrel. , defined as N/Ndes. , is then varied until the residual between the two mass flow
values (ṁcomp.,res. ) is below a predefined defined threshold.
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Table 1. Jacobian matrix used for modelling (PWX: shaft power).
Outputs

States

Torqueres.
ṁcomp.,res.
ṁturb.,res.
Qhex.,air,res.
Qhex.,gas,res.
ṁnoz.,res.
Nrel,res.
T5,res.

Nrel.

ṁint.,corr.,rel.

β comp.

β turb.

Qhex.,air,nond.

Qhex.,gas,nond.

PW X

ṁcorr., f ,rel.

0.8978
2.0321
0.4596
0.4589
0.4589
7.7099
1.0000
0.7408

0.0000
0.9998
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

0.7910
0.9557
0.9285
0.0633
0.0633
1.6493
0.0000
0.6401

0.8590
0.0000
0.0951
0.2508
0.2508
7.3678
0.0000
0.1407

0.1371
0.0000
0.1412
0.4263
0.5737
0.0106
0.0000
0.3219

0.0000
0.0000
0.0000
0.0000
1.0000
0.4625
0.0000
0.0000

0.0001
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

0.1106
0.0000
0.1102
0.4334
0.4334
0.0330
0.0000
0.2432

3.1.2. Modified Matching Scheme for Adaptation
For model tuning and gas path diagnostics purpose, correcting factors for the component
performance parameters i.e., efficiencies, flow capacities, and effectiveness were included in the
MGT model. These factors are included as state variables along with their corresponding target
variables. Then, a new Jacobian matrix is built, and new residuals are generated between output
variables and target values (Table 2) to achieve a solution.
Table 2. Target and state pairs used in the Jacobian matrix for diagnostics (FC: flow capacity).
Targets

States

Torqueres.
ṁcomp.,res.
ṁturb.,res.
Qhex.,air,res.
Qhex.,gas,res.
ṁnoz.,res.
Nrel,res.
T5,res.
T2,res.
P2,res.
P5,res.
ṁ1,res.
T3,res.

Nrel.
ṁint.,corr.,rel.
β comp.
β turb.
Qhex.,air,nond.
Qhex.,gas,nond.
PWX
ṁcorr., f ,rel.
∆ηcomp.
∆FCcomp.
∆ηturb.
∆FCturb.
∆erec.

In this case, the standard matching scheme is modified to fit the required state variables.
The correcting factor on the flow capacity for compressor and turbine is varied to satisfy the mass flow
continuity in these two components. Once the flow capacity is fixed, the beta lines in the compressor
and turbine maps are varied to match the desired exit pressure/temperature. The correction factor on
the compressor efficiency is varied to match the torque on the shaft, while the speed factor becomes
the variable that minimizes the residual between produced power and load demand.
3.2. Scheme for the Model Tuning
As noted previously, due to the high manufacturing tolerances, MGT components show wide
variations in performance characteristics which result in engine to engine performance deviations.
Hence, a baseline or nominal model to represent all the MGTs in a fleet may lead to inaccuracy in
diagnostics. To reduce the model plant mismatch for healthy engines, model tuning is performed by
following a tuning scheme, as shown in Figure 2. The scheme is followed to get individual models for
each of the MGTs in the fleet. It is important to note here that the model tuning need to be performed
for healthy engines operating in nominal conditions.
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Figure 2. Scheme for model tuning.

According to the tuning scheme, the MGT under consideration is operated in test conditions and
data are collected. After that, the nominal MGT model is simulated with same test conditions and
the results are compared with the measured data. The measured data are fed to the tuneable MGT
model which is used to back-calculate the performance deltas to match the measured data from the
healthy MGT. The performance deltas are the deviations in components performance parameters,
i.e., efficiency and flow capacity of the turbine and compressor, effectiveness and pressure drop of
the recuperator. These calculated performance deltas are then used to modify the nominal model to
achieve the tuned model.
3.3. Scheme for the Diagnostics
Typically, diagnostics schemes for gas turbines are based on a multi-level approach that includes
data pre-processing, threshold monitoring, sensor fault detection, engine fault detection and isolation,
and fault identification [39–41]. However, here the focus will be only on fault identification, meaning
assessment of fault location and magnitude. The proposed scheme for the diagnostics of individual
MGT unit is presented in Figure 3.
The fault diagnostics scheme that is carried out here is based on a modification of the matching
scheme previously discussed, where the Jacobian matrix includes additional states (the performance
modification deltas) and additional targets (gas path measurements). In addition, a further step
founded upon a signature-based algorithm is used to isolate and quantify the detected faults.
A nominal model of representative average engine is used to create fault signatures by simulating
different component faults that stored in a signature database. The faults are simulated by assuming
associated performance deltas and using these deltas in the MGT model for fault simulation.
An inventory of faults that are used to build an example signature database is listed in Table 3.
The signature database also includes multiple faults that assumed to be occurred at the same time.
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Figure 3. Scheme for fault identification (ISA: International Standard Atmosphere).
Table 3. Considered fault inventory.
Component Name

Fault Description

Compressor

• 1% drop in isentropic efficiency (∆ηcomp. )
• 1% drop in flow capacity (∆FCcomp. )

Turbine
Recuperator
Duct
Shaft/Bearings

• 1% drop in isentropic efficiency (∆ηturb. )
• 1% drop in flow capacity (∆FCturb. )
• 1% drop in effectiveness (∆erec. )

• 1% flow leakage from compressor outlet duct

• 1% drop in shaft efficiency due to increased bearing loss

The creation of fault database is something that is performed off-line, whereas the rest of
the scheme is performed close to real-time. The first step of the real-time diagnostics scheme is
based on a modification of the Jacobian matrix and is called analysis by synthesis (AnSyn). During
this step, the measurements from an engine under operation are used to calculate any deviation
in performance deltas by simulating the adaptive tuned model of the engine in actual operating
conditions. The detected deltas can provide a good indication of the fault location and magnitude
for single or multiple faults in compressor, turbine and recuperator as listed in Table 3. However,
this step cannot detect other faults such as flow leakages, shaft loss, etc. Hence, the signature-based
algorithm is also applied here. In the next step, the computed performance deltas are used as inputs
in the adapted tuned model at ISA (International Standard Atmosphere) reference conditions, and
exchange rates are calculated. The exchange rates are measurement deviations that are converted
to ISA reference conditions. Subsequently, a correlation function, as shown in Equation (9), is used
to find the correlations between engine exchange rates and the signatures from the database. The
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correlation function calculates the Pearson Product-Moment Correlation Coefficient (PPMCC) for two
sets of values, in this case signatures from measurements and database.
k

Corr ( x, y) = v
u
u
t

∑ (xn,i − x̄n )(y − ȳi )

i =1
k

∑ (xn,i − x̄n )

2

i =1

v
u
u
t

k

∑ (y − ȳi )

(16)
2

i =1

Here, Corr ( x, y) is referred as the correlation coefficient. In the correlation function, subscript i is
used to denote the series of sensor measurements where k is the total number of available measurements
from the engine. xn refers to the signature resulted by the fault in nth component and y refers to the
exchange rates at a given operating point.
The maximum correlations give the location of the fault. To get the magnitude of the faults,
Equation (17) is solved in an iterative way to determine the coefficient estimates cm that give the
magnitude of the corresponding faults.
Y(x) =

l

∑ c m Xm

(17)

i =1

Here, Xm and Y are the vectors that consists of signatures and exchange rates for specific faults
which are indicated by the maximum correlation. Subscript l refers to the number of faults and
m corresponds to a specific fault. Linear regression is employed to solve the above equation and
determine the magnitude for single and multiple faults.
To prove the effectiveness of the proposed diagnostics scheme, in this work, the developed MGT
model is used to generate measurements related to different faults.
4. Results and Discussion
Here, the findings from the gas path modelling and diagnostics, and their inferences are elaborated
in detail. At first, the modelling error are presented against the performance test results of a commercial
MGT unit. Thereafter, the proposed diagnostics scheme is demonstrated by formulating different case
studies, which is complemented by sensitivity studies for different measurement uncertainties, i.e.,
sensor noise and bias.
4.1. Gas Path Modelling
In Table 4, the model outputs at nominal load are compared with the corresponding values from
performance test results of a commercial scale MGT unit. As it can be seen, the simulated model have
acceptable accuracy at the nominal load. It is important to note that the diagnostics scheme tested in
this paper is applied only at nominal load.
Table 4. Modelling error against performance test result at the nominal load.
Parameters

Modelling Error (%)

PWX (W)
P2 (kPa)
T3 (K)
N (RPM)
T5 (K)

0.02
−0.26
−0.01
0.00
0.00

The model outputs for three other off-design points at part-load are also compared with the
performance test results. The comparison results are presented in Figure 4 as percentage error. It can
be observed that the speed (N) and the turbine outlet temperature (T5 ) give zero error. This is in-line
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with the matching scheme described in Section 3.1.1, where N and T5 are used as target variables.
The error in shaft power (PWX) becomes positive and then negative as the power moves from nominal
value to part-load. The shaft power was not available directly from the performance test, and it
was calculated from the electrical power output. Assumptions were made about auxiliary power
consumption, generator efficiency, and inverter efficiency, these can be contributed to the mismatch
between simulated and experimental data.

Figure 4. Comparison between model and performance test results for off-design operation (PWX:
shaft power).

The error in the compressor outlet pressure (P2 ) increases as power decreases. The compressor
and turbine maps used here are the maps supplied by the turbocharger manufacturer; hence, they are
not corrected for the modifications performed to the turbine and compressor. This might explain some
of the errors in off-design operating points including P2 . Finally, the recuperator effectiveness was
assumed to be constant over entire operating range. This could potentially be responsible for error in
recuperator cold side outlet temperature (T3 ). Overall, the results demonstrate a sufficient agreement
between the simulation results with the performance test results for off-design operating points.
4.2. Diagnostics
To demonstrate the diagnostics scheme described in Section 3.3, two sets of case studies were
formulated: one with only single faults occurring one at a time, and the other with multiple faults
occurring concurrently. For the first set (S1 to S7), faults listed in Table 3 are considered, but the fault
magnitudes are assumed to be 1.5% instead of 1% as used for the signature database. The results from
the AnSyn step and the signature-based algorithm are presented below.
In Figure 5, the location and magnitude of all the single faults except the flow leakage and the
shaft loss can be detected in the AnSyn step. This can be explained by looking at the matching scheme
used for gas path component diagnostics as elaborated in Section 3.1.2. The modified Jacobian matrix
(Table 2) includes performance deltas and their corresponding measurement pairs for the compressor,
the turbine and the recuperator. However, there are no target-state pairs considered for the flow
leakage and the shaft loss. This necessarily means that these faults will be detected during the AnSyn
as multiple performance deviations. In these cases, in the AnSyn an equivalent fault is created by
distributing the fault effects among other performance deltas that are included in the matching scheme.
Alongside, the flow leakage and the shaft loss only affect turbine and recuperator deltas. This is
because the GPA measurements corresponding to the compressor deltas are not affected by these two
faults. However, due to the measurement uncertainties, compressor deltas are also expected to be
affected marginally in reality.
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Figure 5. Fault location and severity for cases with single faults detected by AnSyn (AnSyn: analysis
by synthesis).

It should be noted here that the AnSyn detects general performance deviations in all fault cases,
without identifying the cause of the deviation. In some cases, deviations in efficiency and flow capacity
can be directly related to a specific fault (e.g., compressor fouling or turbine erosion or recuperator
fouling), while other faults such as flow leakage or additional shaft loss cannot be directly linked to
the results from the AnSyn. Hence, a second step based on signature correlation is necessary. In reality,
occurring faults will always have effect on more than one delta (e.g., compressor fouling reduces
both efficiency and flow), but all the faults will correspond to deviations in the five performance
parameters here presented, making AnSyn effective for fault detection. For consequent fault isolation
and identification, without the need of increasing the number of required measurements, a second
layer of fault diagnostics is applied. This second layer is the signature-based algorithm that includes
correlation and regression analysis for fault localization and magnitude quantification respectively.
Table 5 shows the correlation coefficients between exchange rates and signatures for case studies with
single fault. It is found that, for all the cases, the maximum correlation coefficient always leads to
correct location of the fault and thus is placed diagonally in the table. One observation from this
study is that the faults corresponding to turbine isentropic efficiency loss and shaft loss have very
close correlation coefficients, as highlighted in Table 5. This is quite obvious, since for a fixed turbine
pressure ratio, both parameters highly depend on the ratio between actual isentropic enthalpy drop
across turbine. However, a better decision about the fault location can be made by merging results
from AnSyn and correlation steps.
Table 5. Correlation coefficients for cases with single fault.
Cases
S1
S2
S3
S4
S5
S6
S7

Correlation between Exchange Rates and Signatures for Cases with Single Fault

−1% ∆ηcomp.
1.000
0.694
0.784
0.497
−0.754
0.127
0.790

−1% ∆FCcomp.
0.693
1.000
0.863
0.506
−0.814
0.135
0.869

−1%∆ ηturb.
0.783
0.863
1.000
0.248
−0.994
0.477
0.997

−1% ∆FCturb.
0.496
0.505
0.247
1.000
−0.144
−0.733
0.267

−1% ∆erec.
−0.754
−0.815
−0.994
−0.145
1.000
−0.566
−0.992

1% Leakage

1% Sha f t Loss

0.129
0.134
0.476
−0.733
−0.565
1.000
0.457

0.790
0.869
0.997
0.268
−0.992
0.459
1.000
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Once the location of the fault is known, linear regression is applied to get the magnitude of the
corresponding fault. Fault magnitudes estimated by the linear regression for the single faults cases are
listed in Table 6. It is observed that linear regression resulted in faults magnitude that is very close to
the actual simulated faults.
Table 6. Fault magnitudes for cases with single fault.
Cases

Fault
Magnitude

S1
S2
S3
S4
S5
S6
S7

−1.500
−1.500
−1.500
−1.500
−1.500
1.500
1.500

Detected Fault Magnitude Using
AnSyn

Regression

−1.500
−1.500
−1.500
−1.500
−1.500
-

−1.511
−1.506
−1.509
−1.503
−1.500
1.506
1.508

The second set of case studies (M1 to M7) that includes multiple faults are listed in Table 7.
The magnitudes of the faults are chosen between 1% and 1.5% so that the combination is different from
the signature database where all the faults are 1% in magnitude.
Table 7. List of case studies for multiple fault.
Case Identifier

Fault Number

Fault Location and Magnitude

M1

Fault-1:
Fault-2:

M2

Fault-1:
Fault-2:

∆ηcomp. = −1.5%
∆FCcomp. =−1.0%

M3

Fault-1:
Fault-2:

M4

Fault-1:
Fault-2:

M5

Fault-1:
Fault-2:
Fault-3:

M6

Fault-1:
Fault-2:

M7

Fault-1:
Fault-2:

∆FCcomp. = −1.5%
∆FCturb. = −1.0%
∆ηcomp. = −1.5%
∆ηturb. = −1.5%

∆FCcomp. = −1.0%
∆ηturb. = −1.5%

∆ηcomp. = −1.0%
∆FCcomp. = −1.0%
∆erec. = −1.5%

Flowleakage = 1.0%
∆FCcomp. = −1.5%
Sha f t loss = 1.5%
∆ηcomp. = −1.5%

Results from the AnSyn for simultaneously occurring multiple faults are displayed in Figure 6.
As expected, AnSyn can identify correct fault locations and magnitudes for all cases except those
including flow leakage and shaft loss. However, when these faults are combined with compressor’s
faults, corresponding compressors deltas can be correctly identified by the AnSyn.
The correlation coefficients between exchange rates and signatures for the above cases are reported
in Table 8. For each case, this step gives maximum correlation for corresponding signatures from the
database that reveals the location of the faults correctly.
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Figure 6. Preliminary estimation of fault location and severity for cases with multiple faults by AnSyn.

Table 9 summarizes the estimated magnitudes of faults for different cases with multiple faults
by regression analysis and the comparison with AnSyn. As can be seen, the regression can give good
indication of faults magnitude with some level of error, but the AnSyn performs better. The accuracy
can be further improved by including more measurements in the multiple linear regression. However,
a limited number of measurements are available in reality for such analysis. Additionally, if a sensor
fault occurs and one or more measurements need to be removed from the scheme, the accuracy of the
regression can even deteriorate. Sensor faults will also reduce the fault detectability by the AnSyn,
since corresponding performance delta for the removed measurement also need to be removed from
the matching scheme, as presented in Table 2.
Overall, the results presented until now show that the proposed diagnostics scheme can be used to
detect the location and magnitude of different component faults with acceptable accuracy. Combining
results from AnSyn with the signature-based algorithm increases the confidence on the final outcome
of the proposed scheme. However, the above analysis thus far does not include any measurement
uncertainty (i.e., sensor noise and bias), which can be quite common in reality. Hence, the influence of
measurement uncertainty on the proposed fault diagnostics scheme is assessed in the following section.
First, the influence of measurement uncertainty on the AnSyn is examined by performing a
sensitivity analysis. Here, the measurements corresponding to each of the performance deltas, as listed
in Table 2, are varied within measurement uncertainty range. The measurement uncertainties used
in this paper are obtained from the literature [42,43]. It is considered here that P5 measurement is
available through a differential pressure sensor across recuperator.
Figure 7 shows sensitivity analysis of measurement uncertainties on all five performance deltas.
Here, case study ”S1” i.e., 1.5% drop in compressor isentropic efficiency is considered for this
analysis. As can be seen in Figure 7, the compressor isentropic efficiency is only affected by P2 and T2
measurements. However, there is very strong linkage between P2 and compressor flow capacity, and
P5 and recuperator effectiveness. Hence, measurement uncertainties in P2 and P5 can give misleading
indication of faults related to compressor flow capacity and recuperator effectiveness, respectively;
although their magnitudes are not as prominent as the fault. Other measurement uncertainties have
negligible influence on different performance deltas. Therefore, it can be summarized from the
sensitivity analysis that the influence of measurement uncertainties is limited and will have the effect
of a reduced accuracy in fault magnitude estimation. Moreover, the sensor data can be filtered before
using it for diagnostics purpose to decrease false alarm due to sensor noise related uncertainties.
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Table 8. Correlation coefficients for cases with multiple faults.
Correlation between Exchange Rates and Signatures for Cases with Multiple Faults
Cases

−1% ∆ηcomp. &
−1% ∆FCcomp.

−1% ∆FCcomp. &
−1% ∆FCturb.

−1% ∆ηcomp. &
−1% ∆ηturb.

−1% ∆FCcomp. &
−1% ∆ηturb.

−1% ∆ηcomp. ,
−1% ∆FCturb. &
−1% ∆erec.

1% Leakage &
−1% ∆FCcomp.

1% Sha f t Loss &
−1% ∆ηcomp.

M1
M2
M3
M4
M5
M6
M7

0.997
0.745
0.952
0.890
0.827
0.562
0.972

0.658
0.991
0.522
0.500
0.961
−0.071
0.553

0.946
0.606
1.000
0.972
0.723
0.737
0.995

0.871
0.617
0.970
0.999
0.705
0.800
0.944

0.877
0.935
0.832
0.810
0.983
0.315
0.846

0.437
−0.093
0.653
0.722
0.002
0.988
0.595

0.971
0.629
0.995
0.946
0.748
0.682
1.000

Table 9. Fault magnitudes for cases with multiple faults.
Detected Fault Magnitude Using

Cases

Fault Number

Fault Magnitude

AnSyn

Regression

M1

Fault-1:
Fault-2:

−1.500
−1.000

−1.486
−0.973

M2

Fault-1:
Fault-2:

−1.500
−1.000

M3

Fault-1:
Fault-2:

−1.500
−1.500

−1.520
−1.522

M4

Fault-1:
Fault-2:

−1.500
−1.500

M5

Fault-1:
Fault-2:
Fault-3:

M6

Fault-1:
Fault-2:

M7

Fault-1:
Fault-2:

−1.500
−1.000

−1.000
−1.500
−1.000
−1.000
−1.500
1.000
−1.500
1.500
−1.500

−1.500
−1.000

−1.000
−1.500
−1.000
−1.000
−1.500

−1.500

−1.500

−1.262
−0.958

−0.948
−1.505
−0.984
−1.002
−0.993
0.999
−1.527
1.525
−1.517
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(a)

(b)

(c)

(d)

(e)
Figure 7. Sensitivity of AnSyn against measurement uncertainties in: (a) P2 ; (b) T2 ; (c) ṁ1 ; (d) T3 ; and
(e) P5 .

Thereafter, the effect of measurement uncertainties on the correlation step is assessed. As in the
previous section, the case study ”S1”, i.e., 1.5% drop in compressor isentropic efficiency is considered.
For each of the sensors, maximum deviation in the measurement is assumed. As can be seen in Table 10,
the measurement uncertainties has influence on the correlation coefficient. However, the influence
is negligible and still faults are identified correctly by giving maximum correlation coefficient for
corresponding fault location.
Table 10. Correlation coefficients for different measurement uncertainties.
Cases
P2 –0.1%
T2 –0.2%
ṁ1 –0.2%
T3 –0.2%
P5 –0.01%

Correlation between Exchange Rates and Signatures for Different Measurement Uncertainties

−1% ∆ηcomp.
0.996
0.983
0.989
0.989
1.000

−1% ∆FCcomp.
0.692
0.780
0.738
0.620
0.689

−1% ∆ηturb.
0.776
0.885
0.767
0.686
0.784

−1% ∆FCturb.
0.447
0.453
0.615
0.541
0.493

−1% ∆erec.
−0.750
−0.860
−0.722
−0.650
−0.754
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Eventually, the influence of measurement uncertainties on the fault magnitude detection by using
linear regression is examined with the help of sensitivity analysis. The sensor measurements are
varied by introducing different level of uncertainties and the corresponding fault magnitudes are
calculated for case study S1. The result of the analysis is summarized in Figure 8. The most influencing
measurement uncertainty in this case corresponds to T2 and T3 . Despite the high sensitivity for some
measurements, the regression can still provide fault magnitude with acceptable accuracy.

(a)

(b)

(c)

(d)

(e)
Figure 8. Sensitivity of fault magnitude detection using linear regression against different measurement
uncertainties in: (a) P2 ; (b) T2 ; (c) ṁ1 ; (d) T3 ; and (e) P5 .

5. Conclusions
In this article, a multi-layer approach for monitoring and diagnostics of MGT fleet is investigated.
A diagnostics-oriented model based on gas path analysis lies at the core of this approach. Subsequently,
a model tuning approach is proposed to account for engine to engine variation as a result of production
scatter. The two layers of diagnostics approach that are investigated in this paper include: (1) analysis
by synthesis (AnSyn); and (2) signature based algorithm to detect the location and magnitude of
different component faults. To perform AnSyn, performance deltas corresponding to each component
fault are introduced in the physics-based model, where each delta is associated with a measurement
of the engine. The performance deltas are then calculated by using real-time measurements from
the engine that gives both location and magnitude of the fault. Due to the lack of measurements,
not all the faults can be included in the AnSyn step. Moreover, to improve the robustness of the
diagnostics approach, a signature based algorithm is applied as the second layer. Fault signatures were
generated with the engine model and compared with the simulated faulty engine data. Correlation
function and linear regression are applied to get the location and magnitude of the faults, respectively.
Finally, results from both layers are merged together. The proposed diagnostics scheme was tested by
formulating case studies corresponding to single and multiple faults. Furthermore, sensitivity studies
were performed for different measurement uncertainties (i.e., sensor noise and bias) to evaluate the
robustness of the scheme against measurement uncertainties. The result shows that the proposed
diagnostics approach performs satisfactorily even under measurement uncertainties.
Overall, magnitude of triple faults seems hard to detect by signature based algorithm, given
that the number of measurements available for the analysis is limited to five. The accuracy can be
improved by including more measurements in the analysis. In case of sensor faults, the corresponding
measurements need to be removed from the matching scheme for AnSyn along with their associated
performance deltas. This will unavoidably reduce the detectability of the corresponding fault by AnSyn.
At the same time, the signature based algorithm might result in reduced accuracy or false alarm.
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ABSTRACT

6

Kappa number variability at the continuous digester outlet is a major concern for the pulp and paper mills. It is

7

evident that the aforementioned variability is strongly linked to the feedstock wood properties, particularly lignin

8

content. Online measurement of lignin content utilizing near-infrared spectroscopy at the inlet of the digester is

9

paving the way for tighter control of the blowline Kappa number. In this paper, an innovative approach of

10

feedforwarding the lignin content to a model predictive controller is investigated with the help of modelling and

11

simulation studies. For this purpose, a physics-based modelling library for continuous pulp digester is developed

12

and validated. Finally, model predictive control approaches with and without feedforwarding the lignin

13

measurement are evaluated against current industrial control and PID schemes.

14

Key words: Pulp and paper; Kappa number; pulp digester modelling; pulp digester control; model-based control.

15

1

16

The pulp and paper mills convert cellulosic fibers, mostly wood, into pulp and various types of paper products.

17

At present, more than half of the globally produced pulp comes from Kraft or sulphate pulping process. In Kraft

18

pulping process, continuous pulp digester is one of the most critical component. The digester is a complex

19

heterogeneous reactor where white liquor, an aqueous solution of sodium hydroxide and sodium sulphide,

20

reacts with wood chips containing mainly cellulose, hemi-cellulose and lignin, to remove lignin and subsequently

21

free wood fibers. Due to the naturally varying feedstock, long and variable residence time, insufficient

22

measurements and complex physical-chemical characteristics, the digester requires sophisticated control

23

strategies to ensure safe and economically viable operation. Hence, an integrated approach of model-based

24

process control as proposed by the authors in earlier articles [1] and [2], is essential. Here, the focus is on the

25

use of near infrared (NIR) spectroscopy based lignin content measurement coupled to a dynamic process model
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26

as an enabler for feedforward model predictive control (FFMPC). A brief literature review on modelling and

27

predictive control of pulp digesters is presented in the next section.

28

1.1

29

The success of a model-based control approach is highly dependent on mathematical models. Hence, developing

30

a robust model that can closely depict the digester behavior is of the utmost importance. The complex nature of

31

the delignification process makes the modelling of this highly heterogeneous system particularly challenging. The

32

continuous pulp digester is a pressurized cylindrical vessel with different diameter along the vertical direction,

33

which height can reach up to 50 to 80 meters. Not only different phases coexist in the vessel but also significant

34

mass transfer occurs. Moreover, the reaction kinetics are highly nonlinear and discontinuous. To maintain

35

different temperatures in different zones of the digester there are several sets of screens that extract part of the

36

free liquor from the different axial positions and reinject after heating and strengthening by addition of fresh

37

liquors. To make things even complicated both concurrent and counter current of free liquor and chips coexist

38

inside the digester. From the computational point of view, this introduces model discontinuity and non-convexity

39

[3][4].

40

Considerable effort has been expended for last few decades to model continuous pulp digester with varying level

41

of complexity based on different approaches of reaction kinetics, diffusion and chip bed compaction. Two groups

42

of widely used dynamic models are known as the Purdue models and Gustafson models. While the former is

43

developed to deal with the complex chemical composition of the wood substance and the latter emphasized a

44

more detail description of delignification coupled to diffusion phenomena. The Purdue model originally

45

developed by Smith and Williams [5], where the wood substance is represented as five different components

46

reacting in parallel and the digester is approximated by a series of continuous stirred tank reactor (CSTR). This

47

approach followed and further developed by other researchers [6]–[9]. On the other hand, the first version of

48

the Gustafson model appear in mid-eighties, where the Kraft cooking is modelled as three successive phases:

49

initial, bulk and residual, and wood substance is represented as two components [10]. This model is also followed

50

and further developed by other researchers [11][12]. Grénman et al. [13] combined Purdue, Gustafson and

51

Andersson’s work to model delignification kinetics by considering the influence of wood anisotropy and internal

52

diffusion. Pourian et al. [14] presents a CFD model for the physical structure of a pulp digester and prediction of
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53

the continuous chemical reactions inside the digester. In a more recent work, Nieminen et al. [15] proposed a

54

new kinetic models of lignin and carbohydrates degradation. Delignification is described with varying degrees of

55

sophistication and carbohydrates degradation is modelled based on the reaction mechanism of peeling, stopping

56

and alkaline hydrolysis. Andersson et al. [16] and Nieminen & Sixta et al. [17] performed comparative studies on

57

the accuracy of several kinetic models for pulp digester. In these works, kinetic models are applied to simulate

58

well-controlled laboratory scale batch digester. The results shows that the Purdue model seems to have the best

59

structure weighing complexity and computation efficiency. It was able to follow the trajectory of the cook with

60

higher accuracy, given that a good adjustment of its parameters were performed.

61

The previous work cited here has made a valuable contribution towards the understanding and modelling of

62

continuous pulp digester. However, implementing such dynamic model for online application and control need

63

further modification and simplification to improve robustness. Furthermore, there is need of developing a

64

generic pulp digester library that could be used to model different digester with different dimension,

65

configuration and type.

66

1.2

67

The main objective of continuous pulp digester is to produce pulp with specific quality (mostly the Kappa number

68

that is a measure of the residual lignin content in the produced pulp), while maintaining the targeted production

69

rate. Generally, pulp digesters are designed to meet these objectives. However, in reality the process variables

70

often deviate from their prescribed limits mainly due to the external disturbances and inherent process

71

variabilities. This is where the control system comes into action, in order to maneuver the process actively so

72

that the process variables stay within the prescribed limits. Due to the complex nature, continuous pulp digester

73

requires multi‐variable process control. When it comes to multi‐variable process control, model predictive

74

controller (MPC) is widely accepted as a superior control method over the classical methods. Additionally, MPCs

75

are preferred often due to their ability to deal with long delays and inverse or non-minimum phase zero response.

76

MPC refers to a range of control algorithms that explicitly utilize plant measurements to predict the future

77

behavior of the plant with the help of a process model. At every control step, the MPC tries to optimize future

78

behavior of the plant by evaluating a future sequential control moves over the prediction horizon. The controller
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79

then only executes the first step of the optimal previously evaluated control moves. The entire process is

80

repeated again before the next control move.

81

MPC for continuous pulp digester are investigated in handful number of articles both from the academia and

82

from the industry. In one of the early work presented by Michaelsen and Christensen [18], a simplified version

83

of the Perdue model was used to compare the performance of a MPC against a proportional–integral–derivative

84

(PID) controller for Kappa number control of a Kamyr digester. The authors claimed that only three state variables

85

(temperature, effective alkali (EA) and residual lignin) are enough to capture the dynamics of the plant without

86

significant performance degradation. Few other researchers also investigated the possibility of controlling the

87

blowline Kappa number of continuous pulp digesters. Taha and Dumont [19] examined the control of three

88

sensitive control loops, namely Kappa number, H-Factor and digester level, and found that majority of the

89

undesirable variabilities are originated from the interaction of these loops that makes classical PID schemes

90

inefficient. They used a simplified version of the Hatton model and a controlled auto‐regressive integrated

91

moving average process model as the base for a MPC to control the digester level that also resulted in Kappa

92

number stability. Robert [20] emphasized on the selection of different modelling techniques i.e. reaction kinetics,

93

gain scheduling and adaptive time series modelling, based on different control applications i.e. Kappa number

94

control, automatic grade change and level control. The author also argued that gain scheduling and process

95

linearization methods should always be preferred over online estimator unless the process gain changes

96

unpredictably. Doyle and Kayihan [21] proclaimed that a tighter control of the pulp quality can be achieved by

97

controlling the Kappa profile along the digester length instead of blowline Kappa number. The authors employed

98

a subspace identification method to develop a MPC for Kappa variability reduction. Similar approach for

99

automatic grade change is investigated in Doyle et al. [22]. In Padhiyar et al. [23], Kappa profile control is

100

examined by utilizing a multi‐rate extended Kalman filter based nonlinear MPC. The authors concluded that the

101

target Kappa profile could be achievable only in normal conditions. The target Kappa profile may not be

102

achievable in presence of model‐plant mismatch, unmeasured disturbances, and input limitations. In a later

103

publication, Padhiyar and Bhartiya [24] proposed a lexicographic optimization based MPC that enforces priorities

104

to achieve the blowline Kappa target when target Kappa profile is unachievable due to aforementioned reasons.

105

Wisnewski and Doyle [25] analyzed performance of three different MPCs, each employing different plant model

106

with varying degree of complexity, based on their ability to reject stochastic, measured, and unmeasured

4

107

disturbances. According to the simulation results, MPCs based on both the linear and nonlinear fundamental

108

model provided a better close loop response in comparison to the linear‐empirical model, while all of them were

109

good at rejecting the stochastic composition disturbances. A relatively recent work, in Luppi et al. [26],

110

centralized MPC strategy is compared against decentralized PID control strategy to evaluate the global dynamic

111

and economic performance of a Kraft pulping mill. Remarkable economic improvements were reported by

112

employing MPC for digester and limekiln zone against all decentralized control. Trung and Allison [27], proposed

113

the use of Fourier transform near infrared (FT‐NIR) spectroscopy based black liquor chemical composition

114

measurement for advance control of the pulp digester. Badwe et al. [28] reported significant reduction in

115

end-point Kappa number variability with the help of a MPC by utilizing a Kappa soft sensor based on chip

116

temperature profile throughout the digester.

117

Research related to continuous pulp digester control by employing MPC attracted noticeable attention from the

118

research community and industry. Yet Kappa number variability at the digester outlet is still a major concern of

119

the pulp and paper industry. Pulp with variable Kappa number at digester outlet can be lower in strength, harder

120

to bleach and may lead to complication in the downstream processes. With the skyrocketing computational

121

power, the use of nonlinear physics-based digester models for the model predictive control are increasing.

122

Integrating advanced measurement techniques with MPC can provide tighter control of the continuous pulp

123

digester. However, reliable measurement devices targeting digester control are not well developed [27].

124

Conventionally, reliable measurement of chip moisture content and lignin content, white liquor EA and

125

sulphidity, weak black liquor residual effective alkali (RA), end-point Kappa number, have been mostly done by

126

laboratory testing. Advanced measurement techniques for reliable and online measurement of important

127

process parameters are emerging day by day [29]–[32] . Thus far, majority of these new sensors are mainly used

128

for process monitoring rather than process control.

129

1.3

130

Although modelling and predictive control of continuous pulp digester are studied extensively in the literature,

131

a considerable gap exists in the area of integrating state of the art measurement techniques that are emerging

132

to improve the performance of the predictive controllers. This paper focuses on an innovative approach of

133

feedforwarding the NIR spectroscopy based lignin content measurement to a MPC in order to minimize the

Objectives and Contributions

5

134

blowline Kappa variability. To achieve this, a generic modelling library for continuous pulp digester is developed

135

in open-source object-oriented modelling tool OpenModelica. The developed model is then validated against

136

measurements from a continuous pulp digester from an integrated pulp and paper mill BillerudKorsnäs-Gävle

137

located in Sweden. Finally, a multivariable MPC scheme with feedforwarding lignin content measurement is

138

explored and compared with MPC without feedforwarding and decentralized PID controller. A reduced order

139

model derived from the physical model is identified using subspace identification technique for the MPC

140

implementation.

141

In accordance with the literature study, two primary research questions guided this investigation: (1) Can a

142

generic object oriented modelling library be used to model commercial pulp digesters? (2) To what extent

143

digester control can be improved by feedforwarding the online wood chip’s lignin measurement to a MPC?

144

2

145

A simplified diagram of a single vessel continuous digester is shown in Figure 1(a). After pre-processing i.e.

146

debarking, washing, chipping, screening, wood chips are transported to the chip bin by conveyor belts. The wood

147

chips are then pre-steamed at atmospheric pressure to get rid of air to open up the pores and make it possible

148

for chemicals to impregnate the chips. Chips are transported to a screw conveyor-steaming vessel by a

149

low-pressure feeder and then injected into a high-pressure feeder. A circulating feed liquor transport the chips

150

from high-pressure feeder to the top of the digester. White liquors are also introduced at the top of the digester

151

according to the required EA to wood ratio. Black liquors are added to maintain targeted liquor to wood ratio in

152

the digester. Chips move downwards in the cylindrical digester mainly due to the density difference between the

153

impregnated chips and surrounding liquor as well as fluid drag mechanism and gravitational force. A higher chip

154

level is maintained intentionally at the top of the digester to increase the gravitational force.

155

The first zone in the top of the digester is the impregnation zone; here wood chips are impregnated with the

156

cooking liquor by means of penetration and diffusion. The typical temperature of this section is between 115°C

157

to 125°C. Initial delignification already start in the impregnation zone, around 20 ~ 25% of the total lignin

158

dissolved here. After liquor impregnation, in the heating zone, the chips are rapidly heated to the cooking

159

temperature between 160 °C to 170° C. The heating zone usually have one or several liquor circulation screens

160

along the outer edge. Liquor is extracted via these screens and circulated back to the center of the digester via a
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161

central pipe discharge device after heating or fresh liquor make-up. Desired cooking conditions inside the

162

digester i.e. temperature and liquor strength is maintained by these recirculation loops. Beneath the heating

163

zone is the concurrent cooking zone, where most of the delignification reactions take place. The rate of

164

delignification reaction is mainly dictated by liquor concentration, cooking time and temperature. In general, the

165

cooking time is controlled by the chip flowrate, and the degree of cooking/delignification is controlled by the

166

recirculation temperate and fresh liquor make-up. After the cooking zone, the spent liquor is separated and

167

extracted via set of extraction screens in the extraction zone. Then the counter current washing zone is located,

168

where cold and diluted wash liquor is injected at the bottom of the digester to slow down the delignification

169

reaction. The remaining liquor are extracted from the chips here and thus the fiber properties are preserved. A

170

recirculation loop with heating is added in the washing zone to avoid the re-precipitation of lignin onto the pulp

171

fibers at lower temperature. The cooked pulp is extracted at the digester bottom. The quality of the resulting

172

pulp at the blow line is expressed by the Kappa number.

173

(a)

(b)

174
175

Figure 1: a) Schematic of a continuous digester process flow, b) conceptual model architecture.
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176

3

177

A lumped approximation is utilized to model the continuous pulp digester. The digester is segmented into a series

178

of infinitesimal CSTRs (Figure 1b) with axial distribution of conserved quantities due to the plug flow motion of

179

the chips and free liquor. As a simplifying assumption, radial transport phenomenon are neglected. Temporal

180

variation of conserved quantities within each CSTR are derived by applying conservation laws that result in set

181

of coupled non-linear PDEs (Partial Differential Equation) in Euler’s formulation.

182

A conceptual outline of a CSTR from the cooking zone of the digester is shown in Figure 2. Each CSTR is assumed

183

to contain three phases- solid phase, entrapped liquor phase and free liquor phase. The solid phase refers to the

184

wood substance, the entrapped liquor phase to the liquor in the chips pores, and the free liquor phase to the

185

liquor surrounding the chips. Hence, the solid phase and entrapped liquor phase together referred as chip phase.

186

The solid phase is assumed to consist of five components: fast reacting lignin, slow reacting lignin, cellulose,

187

araboxylan and galactoglucomannan. Both the entrapped liquor and free liquor phase assumed to consist of

188

seven components: active EA, passive EA, active hydrosulphide (HS), passive HS; dissolved lignin, and dissolved

189

carbohydrates. It is assumed that, the chemical reaction occurs only between solid and entrapped liquor phase,

190

where diffusion mass transfer occurs between entrapped and free liquor phase. Moreover, dynamic and thermal

191

equilibrium are also taken into account between each aforementioned pairs of phases. For the model

192

description, subscript 𝑠, 𝑒 and 𝑙 are used to denote solid, entrapped and free liquor phase respectively. Subscript

193

𝑖 is used to denote series of different components in each phase, where subscript 𝑗 denotes the corresponding

194

control volume.
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196

Figure 2: Conceptual outline of a CSTR located in the cooking zone. (Adapted from [8] and [33])

197

Modelling the reaction kinetics essentially forms the mathematical foundation for the entire digester model. The

198

reaction rates of solid phase components (𝑟𝑟𝑠𝑖 ,𝑗 ) are calculated by using kinetic model developed by Christensen

199

et al. [34],

200

𝑟𝑟𝑠𝑖 ,𝑗 = (𝑘1,𝑖,𝑗 [𝑂𝐻 − ] + 𝑘2,𝑖,𝑗 [𝑂𝐻 − ]0.5 [𝐻𝑆 − ]0.5 )(𝑋𝑠𝑖 ,𝑗 − 𝑋𝑠∞𝑖 )

201

Where, 𝑋𝑠𝑖,𝑗 and 𝑋𝑠∞𝑖 represent the concentrations of instantaneous and unreacted solid phase components. The

202

reaction rate constants 𝑘1,𝑖,𝑗 and 𝑘2,𝑖,𝑗 are temperature dependent, and expressed according to the Arrhenius

203

law,

204

𝑘1,𝑖,𝑗 = 𝐴1,𝑖 𝑒𝑥𝑝 (

205

𝑘2,𝑖,𝑗 = 𝐴2,𝑖 𝑒𝑥𝑝 (

206

Here, 𝐴1,𝑖 and 𝐴2,𝑖 represent the Arrhenius coefficients, while 𝐸1,𝑖 and 𝐸2,𝑖 represent activation energies. The

207

reaction rates of entrapped liquor components (𝑟𝑟𝑒𝑖 ,𝑗 ) are linked to the reaction rates of solid phase components

208

by the stoichiometric coefficients (𝑏𝑖,𝑘 ),

209

𝑟𝑟𝑒𝑖 ,𝑗 = ∑5𝑘=1 𝑏𝑖,𝑘 𝑟𝑟𝑠𝑘,𝑗

210

The chip porosity increases along the digester length due to the chemical reaction, and the free liquor volume

211

fraction decreases because of the gradual chip bed compaction. The chip bed compaction is taken into account

212

by a compaction factor (𝑓𝑐 ), which is the ratio between the volume of chip column in a pile outside and inside

213

the digester.

214

Hence, the free liquor volume fraction (ɳ𝑗 ) is depicted as, ɳ𝑗 = 1 − 𝑓𝑐 (1 − ɳ𝑝𝑖𝑙𝑒 )

215

Here, the free liquor volume fraction outside the digester (ɳ𝑝𝑖𝑙𝑒 ) is a constant. For simplification, an approach

216

similar to Fernandes et al. [35] for the compaction factor (𝑓𝑐 ) is adopted. This factor is assumed to be decrease

217

linearly along the digester length until the bottom section of the digester where it is constant.

−𝐸1,𝑖
𝑅𝑇𝑐

)

−𝐸2,𝑖
𝑅𝑇𝑐

)

(1)

(2)

(3)

(4)

(5)
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219

0.032ℎ + 1.01
Therefore, the compaction factor, 𝑓𝑐 = 𝑓(ℎ) = {
2.16

ℎ < ℎ𝑟𝑒𝑓
ℎ ≥ ℎ𝑟𝑒𝑓

220

Where, ℎ𝑟𝑒𝑓 is the reference height of digester, at which, the chip compaction reaches the maximum and stays

221

constant until digester bottom. The chip compaction also effects the chips residence time in the digester, since

222

it slows down the chips downward motion as the chips proceed through the digester.

223

Finally, the conservation equations i.e. energy, mass and momentum balances are considered to calculate the

224

individual concentrations of the components and temperatures at each CSTR.

225

One of the main pulp quality parameter, Kappa number is available through both online analyzer and laboratory

226

measurement. In the model, the Kappa number is calculated by using following definition,

227

𝜅 = 653.595 ∗

228

It is possible to estimate Kappa number at different position of the digester, which can also be used as

229

soft-sensor.

230

Moreover, the yield at the blow line is defined as the ratio between the amount of wood’s solid components at

231

the blow line and the amount of wood solid components at the digester inlet.

232

𝛾 = ∑5

233

To implement the model in OpenModelica, a generalized CSTR segment is created with all the required

234

mathematical equations. Additional component like mixtures, heat exchangers and connectors are also created.

235

All the digester zones i.e. impregnation, heating, cooking, extraction and washing zones are formed by

236

connecting CSTRs in series. Eventually, each of the zones along with mixtures and heat exchangers are connected

237

together to form the complete digester model. The modelling library is built as a generic one so that different

238

pulp digesters could be modelled by connecting different components together.

𝑋𝑠,1 +𝑋𝑠,2
∑5
𝑖=1 𝑋𝑠,𝑖

∑5
𝑖=1 𝑋𝑠,𝑖 (𝑏𝑙𝑜𝑤 𝑙𝑖𝑛𝑒)
𝑖=1 𝑋𝑠,𝑖 (𝑑𝑖𝑔𝑒𝑠𝑡𝑒𝑟 𝑖𝑛𝑙𝑒𝑡)

(6)

(7)

(8)

10

239

(a)

(b)

240

Figure 3: Object oriented model of continuous pulp digester in OpenModelica (a) complete digester (b)

241

impregnation zone.

242

The model inputs are consist of flowrate and temperature of the wood chip, flowrates and temperatures of the

243

different liquor streams (i.e. white liquor and black liquor inflows at digester top, upper and lower heating

244

circulations, wash circulation and wash inflows), EA and Sulphidity of white liquor, and blow line flow. On the

245

contrary, the model outputs are consists of the predicted Kappa number and yield at the blow line, flowrate,

246

temperature and RA at the extraction point, liquor temperatures before the heat exchangers and the retention

247

time of the digester.

248

4

249

Being conceptually more complex, physical models are capable of capturing the process behavior in a wider range

250

of operating conditions. However, these models without proper tuning often result in discrepancy between

251

model outputs and real plant response. In order to minimize the model-plant mismatch, mapping of digester

252

constants and estimation of a set of parameters is carried out in this work. The dimensions and instruments

253

positions of the commercial digester are extracted from the digester drawings and P&ID (Piping and

254

Instrumentation Diagram), and inserted into the model. The parameters in a physical model can have certain
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255

physical meanings that can be very useful for the controller design and process diagnostics. Hence, a careful

256

selection of parameters for this estimation task is carried out. Among all the model parameters, a selected set of

257

three parameters corresponding to reaction rates are selected for estimation. These are stoichiometric

258

coefficient for EA and HS consumption, and the reaction rate multiplier.

259

To estimate these parameters three model outputs that are highly linked to the intensity of reaction i.e. reaction

260

rates are selected: Blow line kappa number, yield and RA of extraction liquor. The Kappa number, a direct

261

measure of pulp quality, is corresponding to the remaining lignin in pulp. While, the yield, a measure of economic

262

performance of the process, is the amount of pulp produced from a given amount of raw material in percentage.

263

Last not but the least, the RA of extraction liquor is a measure of remaining alkali that is not consumed during

264

the reaction. For the digester under consideration, measurements of Kappa number and RA are available online.

265

While measurements of yield is available intermittently via lab measurements. Each of these quantities is directly

266

related to the reaction rate. The higher the reaction rates are the lower the Kappa number, yield and RA are. In

267

this work, predefined ranges for each of the selected parameters (adopted from literatures) are considered so

268

that the physical meanings of these parameters are not violated. Finally, few suitable operating points close to

269

the nominal digester operation are chosen to tune the model.

270

To analyse the steady state response of the tuned digester model, online measurements corresponding to a

271

stable operating point of the digester are used as model inputs. The evolution of all major process variables along

272

the digester length are studied. However, only spatial variation of Kappa number, EA, temperature and free

273

liquor velocity are presented here. As can be seen from Figure 4(a), the Kappa number initially increases slightly

274

before it start to decrease in the impregnation zone. The initial increase is attributed by the rapid consumption

275

of carbohydrates relative to lignin. The Kappa number decreases rapidly in the heating and the cooking zones,

276

mainly driven by the elevated temperature and the higher concentration of chemical in the entrapped liquor

277

phase. As the reaction is quenched by cooler and diluted washing liquor in the washing zone, the Kappa number

278

stabilizes. The change in EA is reflected in Figure 4(b), where the solid and dotted lines represent the entrapped

279

liquor and free liquor respectively. The EA curves for the entrapped and free liquor meet each other in the

280

impregnation zone as the cooking liquor penetrates into the chip, and decrease quickly in the cooking zone as

281

EA is consumed during the reactions. The variation of temperature and free liquor velocity in the digester zones

282

can be visualized from Figure 4(c) & (d). The increase in temperature in the heating zone is attributed by the

12

283

recirculation heaters, which is linked to the corresponding velocity peaks as shown in free liquor velocity curve.

284

Subsequently, the temperature increase in the cooking zone associated to the exothermic nature of the

285

delignification reaction. The temperature rise in the cooking zone due to heat of reaction is in line with the value

286

mentioned in literature [36].

287

288
289

Figure 4: Spatial development of major process variables in the direction of chip flow (a) Kappa number, (b) EA,

290

(c) temperature, and (d) Free liquor velocity.

291

To validate the predictive capability of the model, simulation is performed with actual plant measurements as

292

inputs of the model that represent two weeks of digester operation. For validation purpose, it is always

293

preferable to maintain the production rate close to the nominal value and avoid abrupt change in process

294

parameters. However, due to the operational practicalities this was not possible. The simulated Kappa number

13

295

of produced pulp, residual alkali of the extraction liquor and temperature of the free liquor before the

296

recirculation heat exchangers are compared with the actual plant measurements in Figure 5. The plant

297

measurements used here are collected at 15 minutes sampling frequency. All the missing data and unrealistic

298

values (i.e. negative chip flowrates, negative sulphidity, out of range temperatures) are replaced with last known

299

reliable values, which may explain some of the model-plant mismatch. Some other mismatch could be due to

300

some process faults (i.e. clogged screen, channeling or hang-ups), which cannot be validated at this moment due

301

to the lack of fault related data. Few others could be due to the model inadequacies. As can be observed from

302

Figure 5, the simulated profile can follow the plant measurements majority of the time. It is found that the most

303

influencing sensor fault that is effecting the prediction capability of the model is the chip flowrate. The chip

304

flowrate available from the sensor was negative between 133 to 158 hours, which could explain the deviation of

305

simulated Kappa number from the actual measurement during that time.

306

307
308
309

Figure 5: Comparison between actual and predicted (a) Kappa number, (b) RA of extraction fluid, (c) temperature

310

before upper recirculation heat exchanger, and (d) temperature before lower recirculation heat exchanger.
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311

5

312

5.1

313

Wood chips lignin and moisture content are two major process disturbances that effect the end-point Kappa

314

number the most. These are inherent properties of the wood chips; hence, the control system should be designed

315

to reject them. The white liquor flowrate and EA, and temperatures of recirculation heat exchangers could be

316

two potential manipulated variable pairs to control the end-point Kappa number. Nonetheless, changing the EA

317

of white liquor is not directly possible as this value is an output from the chemical recovery plant. It can be

318

changed indirectly by changing the ratio of white and black liquor at digester inlet.

319

A series of step test were performed on the model around the nominal operating point of the digester to analyze

320

the system dynamics and its controllability. These step test are useful for understanding the influence of different

321

variables on the controlled outputs, thus plays important role on selecting manipulated variables. Particularly, it

322

is important here to investigate the influence of chip’s lignin and moisture content, white liquor’s flowrate and

323

EA, heating temperature of upper and lower heat exchanger on end-point Kappa number, as depicted in Figure

324

6. Typically, the response of end-point Kappa number to any step change can be characterized by an initial delay

325

followed by a long rise or fall time. The initial delay is associated with the retention time of the digester, while

326

the gradual rise or fall time is associated with the slow transient response that portrays the slow nature of the

327

thermo-chemical delignification process. As can be seen from Figure 6 (a), the step change in lignin content shows

328

a faster response with a small overshoot in comparison to the step change in moisture content. It is important

329

to note here, the later one shows non-minimum phase zero behavior. For example, with a +5% increase in

330

moisture content, the Kappa number decrease initially before it start to increase again and reach the steady state

331

value. This can lead to internal instability in the system and thus creates severe problems for the conventional

332

control systems. Figure 6 (b) and (c) shows that a step change in white liquor flowrate and EA have lower time

333

delay but higher rise or fall time on Kappa number, when compared with temperatures of recirculation heat

334

exchangers. However, step change in temperatures provides faster overall response of the Kappa number.

335

Therefore, temperature of recirculation heat exchangers can perform better as manipulated variable. In practice,

336

only one of the recirculation heat exchanger temperature is used as manipulated variable, while the other one

337

kept at constant.
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338

339
340

Figure 6: Step change in (a) wood chips lignin and moisture content, (b) free liquor flowrate and EA, and (c) upper

341

and lower recirculation heat exchanger temperature.

342

5.2

343

As has been discussed in section 1.2 and 5.1 previously, the pulp digesters exhibit a number of control problems,

344

the most significant of which is the multi variable nonlinearity of the main controlled output i.e. end-point Kappa

345

number. Besides, it is outmost interest to ensure robust control of the digester during normal operation as well

346

as when extreme process changes are imposed. Accordingly, a feedforward MPC framework as shown in Figure

347

7 is proposed to tackle these problems. The proposed framework is based on the real-time measurement of
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348

lignin content of the wood chips and feedforwarding it to a MPC. The online measurements of lignin content is

349

based on NIR spectroscopic measurement. The theoretical background and experimental validation of such an

350

NIR soft-sensor for wood chip lignin content measurement can be found in numerous literature. By soft sensing

351

and feedforwarding one of the major process disturbance i.e. lignin content, the MPC will able to follow the

352

Kappa number set point more closely. The digester model utilizes the plant measurements along with the

353

soft-sensor measurement to predict the Kappa number. By comparing it with the reference set point, future

354

error is calculated. The optimizer uses the future error to calculate the optimum set-point trajectory.

355
356

Figure 7: Scheme of feedforward MPC for continuous pulp digester.

357

To develop the MPC, a reduced order state-space model is develop by subspace identification (SSID) method

358

from the validated dynamic model of the pulp digester. Ten sets of simulated data with one-minute sampling

359

rate are generated, where first nine sets are used for the model identification and the tenth set used for model

360

validation. The process inputs (i.e. disturbances and manipulated variables) are changed as random steps within

361

allowable range and process outputs (i.e. Kappa number and residual alkali) are recorded using the validated

362

dynamic model. By utilizing the numerical subspace state-space system identification (N4SID) algorithm in

363

MATLAB’s System Identification Toolbox, a state-space model in following form is identified,

364

𝑥𝑡+1 = 𝐴𝑥𝑡 + 𝐵𝑢𝑡 + 𝐾𝑑𝑡

365

𝑦𝑡 = 𝐶𝑥𝑡 + 𝐷𝑢𝑡 + 𝑑𝑡

(9)

(10)
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366

Where, 𝑥 is the state variable vector, 𝑢 is the input vector, 𝑦 is the output vector and 𝑑 is the disturbance vector.

367

𝐴, 𝐵, 𝐶 and 𝐷 are state-space matrices, and 𝐾 is the disturbance matrix. 𝐷 is fixed to zero by default, which

368

assumes are at least one delay exists between the input and the output.

369

As shown in Figure 8, the identified state space model performs reasonably well in comparison to the dynamic

370

model.

371
372

Figure 8: Comparison of second order state-space model response against the dynamic model.

373

The next step in MPC development is the definition of the optimizer that may consists of a cost function and one

374

or more constrains. The cost function is a mathematical expression that is either minimized or maximized to find

375

a best solution among all possible feasible solutions. Here, the cost function refers to the minimization of the

376

sum of squared errors between the desired set point and the actual trajectory of the controlled output, with an

377

additional penalty imposed on rapid changes in the manipulated variables.

378

𝑚𝑖𝑛 𝑓(𝑢) = (𝑦(𝑢) − 𝑦𝑠𝑒𝑡 )𝑇 𝑊(𝑦(𝑢) − 𝑦𝑠𝑒𝑡 ) + ∑𝑖 𝑑𝑢𝑖𝑇 𝑆𝑖 𝑑𝑢𝑖

379

Where, 𝑦(𝑢) is vector for actual measured output at the different time steps over the prediction horizon and

380

𝑦𝑠𝑒𝑡 is the output set point. 𝑊 and 𝑆𝑖 are the weight functions used to increase the importance of specific

381

variables at a given instances.

(11)
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382

In practice, all processes are subject to constraints i.e. physical limits of the actuators, safety limits and operating

383

limits, which need to be included in the optimizer so that the MPC does not violate those. In accordance with the

384

objective of this paper, Kappa number is used as the controlled output. Hence, the cost function is formulate to

385

minimize the squared errors between the desired set point and the actual trajectory of the blowline Kappa

386

number. Subsequently, maximum values for cooking temperature and its rate of change are used as constraints.

387

6

388

In order to evaluate the performance of proposed MPC approach, three different simulation trials are performed

389

employing a feedforward MPC (FFMPC), a non-feedforward MPC (NFFMPC) and a decentralized PID controller.

390

MATLAB’s MPC Designer toolbox is utilized for the simulation trials that are presented here. Multiple simulations

391

are performed with different MPC parameters i.e. sampling time, prediction horizon, control horizon, and

392

weights in order to examine their effect on the performance of the MPC. Extensive tuning by trial and error basis

393

are conducted to select the MPC parameters that are used in this work. No significant performance improvement

394

is noticed by further alteration of these parameters.

395

For the presented simulation trials, similar to the actual practice, the reference signal for the blowline Kappa

396

number is assumed to be a constant. The temperature of the lower the heat exchanger is used as the

397

manipulated variable. Measurements from actual digester operation are used to capture the process

398

disturbances that usually occurs in digester operation. Since, the lignin content measurements were not available

399

from the plant data, a repeated sinusoidal variation of ± 10% over 12 hours in lignin content is assumed. The

400

validated dynamic model is used to represent the actual digester that was connected to the MPC. In order to

401

evaluate the robustness of the MPC and mimic the actual industrial condition, normally distributed white noise

402

are added to model output Kappa number before feeding it back to the MPC.

403

The simulated response and control effort of the MPC and PID approaches are illustrated in Figure 9. For the

404

FFMPC, the lignin content measurement was used as a known measured disturbance. For the NFFMPC, the lignin

405

was used as unmeasured disturbance, hence it was not known to the controller. The dotted line corresponding

406

to the current industrial control represents the base case when actual plant measurement is used as manipulated

407

variable without considering any of the above mentioned control approach. In current industrial control
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408

approach, a PID controller is used to control the heat exchanger temperature, where the temperature set point

409

is changed manually by the operator based on their experience.

410

According to Figure 9(a), the simulated response for both the MPC approaches show that the controlled variable

411

i.e. the blowline Kappa number can follow the desired set-point closely without any major deviation. There are

412

some minor deviations that are characterized by sudden change in wood chips flowrate. Overall, the FFMPC

413

provided better control in terms of rejecting disturbances and minimizing the deviation between controlled

414

variable and the set point. The response from NFFMPC is characterized by a sinusoidal oscillation that is

415

contributed by the lignin content variation of the wood chips. The manipulated variable or controller effort for

416

both the MPCs as shown in Figure 9(b) indicate that the controllers can achieve the control objectives without

417

violating the constraints. Moreover, the gap between MPC and manual control curves explain the ineffectiveness

418

of a manual control for Kappa number control.

419

420
421

Figure 9: Comparison of MPC (a) response and (b) control effort against the PID (c) response and (d) control

422

effort.

423

The performance of the PID approach with and without feedback measurement noise is evaluated in Figure 9(c)

424

and (d). As expected, due to the multi variable nature of delignification process and the poor robustness against

20

425

noise the PID controllers are not adequate to control the end-point Kappa number. The output measurement

426

noise results in fluctuation in the manipulated variable that are not achievable due to rate of change limitation.

427

It also violates the upper limit of the heat exchanger temperature. However, Kappa number response for PID

428

without noise shows superior performance than the current industrial control. It is important to note here that

429

in reality, measured outputs do include measurement noises. Hence, implementing a digester Kappa number

430

control only based on PID scheme requires appropriate filtering of the feedback signal. As summarized in Table

431

1, in terms of the average output error, the performance of FFMPC is superior to other alternatives.

432

Table 1: Average output error for all the cases.

FFMPC

Kappa number

0.1271

PID (without

PID (with

Industrial

noise)

noise)

control

0.9781

1.0229

6.1899

NFFMPC

0.3804

433

By looking at the results, it can be summed up that both the FFMPC and NFFMPC structure provides alleviated

434

tracking performance when compared to the current industrial control of a pulp digester despite the addition of

435

normally distributed white noise to the controlled output. The FFMPC performs superior to the NFFMPC by

436

utilizing additional information about the properties of the incoming wood chips. This approach could be even

437

more useful for pulp digesters that need to swing between hard and soft wood alternatively. The average value

438

of MPC output error is equal to 0.1271 Kappa number that is way to smaller than the current industrial control

439

scheme, which is equal to 6.1899 Kappa number.

440

7

441

The objective of this paper was to investigate a FFMPC approach by utilizing NIR spectroscopy based lignin

442

content measurement for the Kappa number control of a continuous pulp digester. Hence, a dynamic modelling

443

library of continuous pulp digester is developed in OpenModelica and validated against actual plant

444

measurements. Both the steady state and dynamic response of the developed model is analyzed in details. To

445

develop the MPC, a state space model from the validated dynamic model is identified by using subspace

446

identification technique. To evaluate the controller performance, three different control approaches i.e. FFMPC,

447

NFFMPC and decentralized PID are investigated and compared against current industrial control approach. All in

448

all, the FFMPC approach managed to provides smoother response without any major oscillations despite the

CONCLUSION
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449

presence of high frequency output noise. Moreover, the FFMPC approach provided superior tracking

450

performance with smaller average output error when compared to current industrial control and other control

451

approaches. The modelling library developed in this work is generic enough to accommodate modelling of

452

different commercial digesters. This opens up the opportunities for pulp mills to implement MPC for troublesome

453

pulp digester control.

454
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NOTATION

Symbols

𝐸1&2,𝑖

Activation energies

𝜅

Kappa number

𝐻𝑆 −

Hydrosulphide ion

𝛾

Yield

𝐾

Disturbance matrix

ɳ

Free liquors’ volume fraction

𝑂𝐻 −

Hydroxide ion

∞

Unreacted part

𝑅

Universal gas constant

Letters and Subscripts

𝑆

Weight function for controlled output

𝑏

Stoichiometric coefficients

𝑇

Temperature

𝑐

Chip phase

𝑊

Weight function for manipulated
variable

𝑑

Disturbance vector

𝑋

𝑒

Entrapped liquor phase

Acronyms

Component concentrations

22

𝑓𝑐

Compaction factor

CSTR

Continuous Stirred Tank Reactor

ℎ

Digester height

EA

Effective Alkali

𝑖

Series of different components

FFMPC

Feedforward Model Predictive Control

𝑗

Corresponding control volume

FT‐NIR

Fourier Transform Near Infrared

𝑘

Reaction rate constant

HS

Hydrosulphide

𝑙

Free liquor phase

MPC

Model Predictive Control

𝑟𝑟

Reaction rate

N4SID

Numerical Subspace State-Space System
Identification

𝑠

Solid phase

NFFMPC

Non Feedforward Model Predictive
Control

𝑢

Input vector

NIR

Near Infrared

𝑥

State variable vector

PDE

Partial Differential Equation

𝑦

Output vector

PID

Proportional–Integral–Derivative

𝐴, 𝐵, 𝐶, 𝐷

State space matrices

RA

Residual effective Alkali

𝐴1&2,𝑖

Arrhenius coefficients

SSID

Subspace Identification

460
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